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A network is combination of nodes with edges for connectivity in-between. The 
definition of building blocks of network changes according to field of research, under 
consideration data and research resolve, as theory of networks is not limited to 
particular field but applicable across the board. The use of network analysis is 
increasing in economics and finance, with focus on structure and possibility of 
contagion. Advanced analytical measures and visualization techniques unlocked the new 
prospects to understand the social, economic, financial and bilateral relations among 
different institutions, communities, regions and countries. This dissertation is 
combination of studies focusing on Eurozone and EU’s (European Union) investment, 
trade and banking networks to understand their structure, resilience and 
transformations during the last decade.   
Theoretical background required for network representation, analysis and visualization 
process is pooled in chapter 2. We explore the properties of bilateral matrix and 
simulation process required to simulate external shocks to find contagion within 
banking network. The chapter also includes the mathematical foundation of centrality 
measures and conceptual basis of visualization techniques used in subsequent chapters.  
Topology of different financial networks depends on connectivity patterns and resultant 
characteristics. Chapter 3 is devoted to explain the technical issues that can arise due to 
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use of identical analytical centrality measures for different types of network, such as 
trade, investment, banking, capital markets etc. Use of identical analytical measures may 
change the consequential perception of a particular financial network or may not be 
able to explain its dynamics in a better way. We analyzed two types of networks – trade 
and investment - with respect to their individualistic (node level) centrality measure, 
such as degree, closeness, betweeness, modularity and eigenvector centrality. The 
similar centrality measures were used to identify their suitability for both networks. 
EU’s trade and Eurozone investment networks for 2007 and 2011 were used. Main 
findings explain the efficiency of Individualistic centrality measures for partial and 
complete networks. As different types of measures were used to analyze both networks, 
we observed that centrality measures can explain less dense and incomplete graphs or 
networks in much better way. As most of the centrality measures in partial networks 
such as investment network in our case show the actual position of a node in broad 
hierarchy. Analysis for multiple years revealed the change, rather improvement or 
demotion in node’s position. While similar centrality measures are not sufficient for 
complete graphs, EU’s trade network in our case. Trade networks are usually complete 
and the analytical measures at node level are unable to depict the change within 
network. The only appropriate measure for complete networks is the weighted degrees 
distribution. For both networks it shows the level of disproportion among nodes, as few 
large nodes have huge in and out flows while rest of the networks shares small portion 
of liquidity and other flows.  
In chapter 4 we discuss the transformation process of actual networks. The network 
transformation or evaluation process can enhance our understanding about structure or 
systemic features of particular micro and macro level systems. The chapter is inspired 
by Kalyagin et al.,(2014), they discussed network’s structural uncertainty for different 
markets with respect to centrality measures. They used different types of arbitrary 
network structures to understand the resultant changes in centralities in case of crisis 
situation. We extended the idea of structural uncertainty for real world financial 
networks by using similar rather enhanced aggregate level centrality measures. Besides 
structural uncertainties, tracking the changes within network over certain time span is 
relatively new concept. This chapter explains the transformations within networks due 
to external events or due to changes in internal circumstances. The tracking process is 
not same for all sorts of networks but network analytics can explain it in a much better 
way compared to simple statistical analysis. Three different networks were used to 
understand the transformation process for several types of networks mainly partial, 
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complete, small, mid-level, having higher level of liquidity and the ones with fewer 
strong connections. The actual trade, investment and banking networks of EU and 
Eurozone were used for different time periods to understand the evolutionary process. 
The changes within network can reciprocate the policy shifts and variations at micro 
and macro levels. Increase or decrease in edges of existing nodes and aggregate 
centrality measures explained the deviations of liquidity, investment flows and suitable 
destinations. The transformation process of investment network showed the increase in 
total density of network with every passing year. Total density explains the increasing 
volumes and residuals for every node of that particular network.  For trade network the 
phenomena remained the same. There was increase in density due to enhanced 
volumes. The trade network experienced the dips in total trade due to issues with global 
economy and reduction in cumulative demand after Global Financial Crisis (GFC). The 
observed investment and trade networks are gaining more resilience and strength with 
every passing year. The same networks represented weak connectivity patterns and 
aggregate centrality measures initially. GFC impacted the whole investment network 
and every node was exposed to liquidity crunch due to lower volume of flows for few 
years. The network resorted to domestic connections by increasing the local 
connectivity level to provide liquidity cushions. 
There is a shift in investment behavior of EU investors, as there are more inflow towards 
domestic and central capital markets such as Germany, France and Luxemburg. EU 
countries are attracting more investment due to monetary union status and relaxed 
laws for cross border investment within. Global financial crisis impacted the trade flows 
of trade network after impacting the investment networks with respect to shock span. 
This explains the slower and stronger impact on world’s trade and relevant networks. 
Total volumes of trade remained depressed for prolonged time period due to multiple 
crises at international and domestic fronts. GFC at global level and Eurozone debt crisis 
at local level impacted the domestic trade flows of connected nodes. The observed 
banking network shows stronger impact of GFC. The capital levels are decreased 
significantly as is the connectivity among aggregate banking network. There are few 
nodes that remained untouched with respect to total value they had, but inflows of 
every node were reduces by big margins. There is a change in connectivity patterns of 
aggregate banking networks. There are new connections established by central and 
major nodes to help the ailing economies. The nodes facing severe reduction of inflows 
also opted to reduce or even terminate their outflows. The cumulative network 
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represent higher clustering coefficient for weaker nodes due changes in their 
connectivity and flow configurations. 
We extended our analytical approach to evaluate the characteristics of individual nodes 
to establish the relationship between portfolio investment flows and economic 
indicators in Chapter 5. The concept of this chapter is influenced by Joseph & Chen 
(2014b), they used composite centrality framework to understand the relationship 
between economy and network statistics of OECD (Organization for Economic 
Cooperation and Development) countries. Our findings explain that being incomplete 
graph, investment network’s connectivity patterns are different for every node. Some 
nodes have central position with higher connectivity levels compared to others. We 
divided the countries into different groups or tiers based on the resultant centrality and 
analytical measures. The classification of countries into different groups explains the 
differences in connectivity patterns for nodes. We divided the nodes into three tires 
based on their closeness centrality. The general conclusion confirmed our assumptions 
about central nodes. More central a country is, or more prominent position it has within 
investment network, there more relationships or correlations with economic indicators 
it holds. It can also have implications for countries with less connectivity to improve 
their network position and capture more economic benefits.  The countries must strive 
to connect with all nodes to fully capitalize the opportunities for market efficiency and 
improvements on economic front. European Union is an example, the case for other 
investment networks and individual countries to establish strong linkages to increase 
the connectivity patterns.  
In chapter 6 we explore the possibility of contagion with Eurozone’s aggregate bilateral 
banking network. Most empirical studies are based on partial information on bilateral 
exposures between banks, due to data limitations. A common feature among most of the 
previous studies is that they focus on interbank network of one country only, to 
measure the strength and interconnectedness. Our focus was on interbank network of 
European Union instead of single country. Although data limitations remained same, but 
new approach enhance the understanding of financial network of whole region to study 
the contagion and systemic risk. The issue of systematic risk or contagion is highlighted 
by GFC and it’s after effects. It can worsen things for already weak financial network, 
besides posing default threat to different nodes.  
The pre and post crisis networks are different in terms of their bilateral obligations and 
capital structures. Pre-crisis network nodes had higher level of interconnectedness and 
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are more dependent on bilateral obligations. Besides higher level of exposures, their 
capital buffers are not that large. On the other hand post-crisis network had smaller 
volume of bilateral obligations, and higher level of capital and reserves. All nodes are 
interconnected to other nodes within network. Level of interconnectedness can be 
determined by analyzing the volume of bilateral obligations. Higher level of 
interconnectedness for small nodes can be hazardous, while for large nodes, appears to 
increase their overall strength. 
Contagion plays an important role in transferring default risk. If large node faces 
difficult conditions, as a result different other nodes would face problems afterwards 
because of their bilateral obligations. While this phenomenon would not be effective if 
small nodes are in trouble after idiosyncratic shock. Different intensities of shocks show 
the resilience level of network. It appears that banking systems were not prepared for 
even small shocks during pre-crisis period, with few exceptions of large nodes. We 
witnessed that they faced lots of trouble and consumed taxpayer’s money as bailouts. 
Post-crisis network seems stronger and resilient, as they accumulated capital and 
reduced bilateral obligations.   
Clearing scenarios for network’s bilateral obligations indicated that banking systems 
can sustain shocks, if bankruptcy system is efficient and cost effective. As there is a 
trend of lower default probabilities for long term scenarios compared to short term 
scenarios. An efficient, reliable and cost effective bankruptcy system can save the 
country’s resources, and bailouts can be reduced or even eliminated. 
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Connectivity, Contagion, Correlation Matrices, Default Probability, Domino Effect, 
Dynamic Graph, European Union, Eurozone, Financial Crisis, Financial Network, Graph 
Theory, Investment Network, Liquidity Flow, Macroeconomic Indicators, Modularity, 
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The# image# of# network# can# be# rightly# attributed# to# a# –net# with# many# connection# and#
interconnectedness#in>between.#A#simple#network#can#be#defined#as#collection#of#points#that#are#
connected#with# each# other.# These# points# or# vertices# or# commonly# known# as# nodes# are# basic#
building# blocks# of# any# network,# are# connected# to# each# other# with# the# help# of# edges.# The#
definition#of#nodes#and#edges#changes#according#field#of#research,#data#under#consideration#and#
research#question,#as#the#theory#of#network#is#not#limited#to#any#particular#field#but#applicable#
across# the# board.# For# example# the# Internet# or# intranet# can# be# described# as# collection# of#
computers# and# servers#with# data# links# in>between,#while# financial# network#would# be# pool# of#
financial# institutions#with# liquidity#and# information# linkages.#Another# interesting#example#can#
be#human#network#with#acquaintance#or#social#interactions#as#connections#in>between.#Indeed#
that# network#would# be# large# and# complex#with# enormous# dimension# and# characteristics# that#
can#be#part#of#many#scientific#and#social#studies.###
Historically,# the# network,# collection# of# data# and# analysis# can# be# traced# down# to# eighteenth#
century.# The# basics# and# conceptualization# can# be# understandably# different# compared# to# our#
Chapter#1.#Introduction#######################################################################################################################################3#
perception# of# recent# networks,# data# and# analysis.# The# foundation# of# network# analysis# are#
attributed#to#Euler#in#1735,#when#he#proved#that#it#was#impossible#to#walk#on#seven#bridges#of#
that# city# by# crossing# each# bridge# only# once.# Though# simplistic# approach# but# contains# few#
aspects#of#modern#network#theory.#Since#1800s#the#networks#can#be#traced#in#different#areas,#
such# as# architecture,# engineering# and# science.# By# mid# 1900s# the# evolution# of# operations#
research#and#introduction#of#computer#sciences#discovered#hidden#rather#invisible#networks#of#




comprehension# due# to# lack# of# appropriate# data# and# measurement# techniques.# Networks# are#
part# of# every# aspect# of# our# lives,# mainly# described# as# technological,# social,# biological,# and#
informational# networks.# The# recent# era# of# “close# and# connected# world”# is# changing# our#
perception# about# connectivity# and# networks# we# are# surrounded# by.# Transformed# analytical#
design# and# evolutionary# thought# process# contributed# a# lot# in# novel# approach# and# our#
perspective# about# networks.# The# existence# and# impact# of# social# networks# on# degrees# of#
separation#for#its#users#or#non>users#started#the#enthusiastic#and#significant#debate.#The#whole#
phenomena# acted# as# a# stimulus# for# network# scientists# to# consider# other# issues# in# the# light# of#
networks#for#better#understanding#about#events#and#impacts#on#whole#system.#The#abundance#






global# supply# chain# is#not#only# the#efficient#delivery#of# final#product# rather#movement#of# raw#
materials#and#intermediate#goods#to#intermediate#and#final#producers#for#value#additions.#The#
network# consist# hubs# of# major# trading# cities# and# ports# that# are# connected# with# other# hubs#
through# sea,# land# or# air# links.#Without# a# slight# doubt,# this# network# is# not# built,# enhanced# or#
optimized#by#single#country;#corporation#or#institution#but#evolved#with#the#passage#of#time#by#
using#changing#and#advanced#techniques#and#technologies.#The#advancement#in#transportation,#
computation# and# analytical# techniques# lead# us# towards# this# advanced,# efficient# and#
continuously#evolving#system.#
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Our# research# revolved# around# financial# and# relevant# networks,# the# data# sources,# analytical#
techniques,# visualization# methods# and# appropriate# measures# to# evaluate# the# impact# of#
particular# event#on#whole# system.#European#Union’s#banking,# trade#and# investment#networks#



















The# pattern# of# connections# in# a# network# which# includes# nodes# (vertices)# and# edges# (links)#
explains# the# component# of# a# big# system# in# an# efficient# way.# Such# structural# realization# has#
enormous# implications# for# system# level# perspective.# For# instance# the# connectivity# patterns# of#
any#bilateral#banking#system#can#increase#or#decrease#fragility#of#the#whole#system,#which#can#
be#vital# to#prevent# the#possibility#of#contagion#among#all#nodes# in#case#of# internal#or#external#
shocks.#####
The#connectivity#patterns#can#effects#the#networks#in#all#possible#ways.#The#connection#in#social#
or# human# interactive# networks# can# impacts# the#way# of# learning,# forming# opinion,# getting# the#
relevant# news# and#making# particular# decision# for# any# individual.# These# interactive# networks#
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also# impact# the#spread#of# information#or#even#disease.#Without#knowing#or# fully#understating#
the# structure# of# these# networks# we# might# not# be# able# to# comprehend# the# functioning# of#
complete#system.##
A#network#is# indeed#not#a#complete#representation#of#whole#system.#The#nodes#and#edges#can#
capture# the#weights# and# strengths# of# connection# but# still# large# part# of# information# is# lost# or#
cannot# be# incorporated# into# network# due# to# certain# limitations.# We# usually# get# reduced#
realization#of#huge#networks.#Besides#limitation,#there#are#advantages#as#well;#researchers#and#





Financial#networks#are#usually#categorized#as#social#networks# in#basic# introductory# literature.#
We# focused# on# financial# networks# as# one# major# category# rather# part# of# broader# cluster.#
Financial#networks#represent#the#flow#of#money#or#financial#obligations#from#single#or#multiple#
nodes#to#individual#node,#group#of#nodes#or#whole#network.#The#broader#definition#would#entail#
every# network# that# deals# with# flow# of# money# or# obligations# can# be# categorized# as# financial#
network.##
There#are#different#possible# types#of# financial#network,#such#as#banking#networks,# investment#
network,# trade# network,# capital# markets,# microfinancing,# and# many# more.# Few# financial#
networks#can#be#associated#with#liquidity#flows#such#as,#banking,#investment#or#microfinancing#
networks.#On# the#other#hand# there#are#networks#which#contain#partial# liquidity# flows#such#as#
trade#networks.#These#networks#are#usually#considered#as#patterns#of#goods#or#services#transfer.#
The# ultimate# objective# is# the# money,# foreign# exchange# that# is# usually# received# as# return# for#
those# trade# transactions.# There# are# countless# possibilities# to# categories# other# networks# as#






These# networks# are# based# on# bilateral# relations# among# institution# and# countries.# Bilateral#
banking#networks#are#based#on#assets#and#obligations#owned#by#banking#institutions.#Portfolio#
investment#network#contains#the#flows#of#investment#from#private#and#institutional#investors#to#
foreign# markets.# Trade# networks# reveal# information# about# transfer# of# goods,# services# and#
resultant#foreign#exchange#between#different#countries.#We#used#aggregate#networks#to#explore#
cumulative# change# at# micro# levels.# Our# main# focus# remained# on# Europe# Union# and# its# large#






financial# crisis.# The# fear# of# unseen,# apprehension# of# worst# and# concerns# about# structural#
resilience# skewed# our# consideration# about# financial# networks# and# interrelations.# Foremost#
motivations#about#analytical#studies#on#networks#are#as#follows.####
1.2.1!Research!Objectives!
a) Studying# the#structure#of# financial#network#and# flow#patterns,#which#can#be#helpful# to#
understand#the#connectivity#patterns#of#network.#
b) Identifying# the# appropriate# network#measures# that# can# be# used# for# financial# network#
analysis.#
c) Tracking# the# transformation# process# for# different# financial# networks# using# advanced#
analytical#measures#for#network#analysis.#
d) Understanding# the# investment# flow# patterns# for# European# Union# equity# markets# and#
possibility#of#relation#with#macroeconomic#indicators.#








recent# era.# Chapter# 2# focuses# on# the# theoretical# background# and#mathematics# of# networks.# It#
contains#detailed#information#about#network#construction,#visualization#and#interpretation.#The#
analytical# measures,# estimation# methodologies# and# simulation# process# are# explained# with#
respect# to# relevant# financial# networks.# The# chapter# also# contain# information# about# types# of#
networks#and#structural#explanation#for#better#understanding.###
Chapter# 3# contains# the# analysis# of# complete# and# partial# graphs# with# respect# to# appropriate#
network# measures.# We# used# trade# and# investment# network# of# European# Union# for# different#
timespans.#The#analysis#expends#the#theoretical#discussion#of#appropriate#measures#for#better#
analytics.#Chapter#4# is#devoted#to#understand#difference#between#static#and#dynamic#network.#
The# transformation# and# evaluation# process# for# financial# networks# is# explored# by# using# static#
and#dynamic#network# for# the#analytical# timespan.#European#Union’s# investment#network#was#
taken# as# a# model# to# understand# the# transformation# process# with# the# help# of# statistical# and#
visualization# techniques.# Chapter# 5# is# allocated# to# discuss# the# details# about# financial# and#
economic# linkages# with# respect# to# network.# We# used# portfolio# investment# network# to#
understand# the# changes# in# economic# indicators# and# possibility# of# dependence# on# investment#
networks# and# their# resultant# measures.# Chapter# 6# involves# the# discussions# on# structure# and#






beside# real# world# implications.# The# prominence# of# network# related# studies# can# be# rightly#
attributed# to# the# rise# of# social# networks# and# increase# in# connectivity# pattern# concerning# our#
lives.# Besides# the# advancements# on# technological# front# and# social# connectivity,# the# network#









A# centrality#measure# for# network#defines# the# significance# of# a# single# node.# Central# nodes# can#
leads# to# faster# and# wider# spreading# in# complex# networks# as# explained# by# Borgatti# (2005).#
Joseph#&#Chen# (2014b)#used#different# centrality#measures# to# identify#main#nodes# in#different#
types# of# networks.# They# divided# the# measures# into# two# categories,# Radial# and# Medial#
Centralities.# Limitations# of# both# measures# restraint# us# from# generalization,# rather# particular#
measure#must# be# used# for# certain# type# of# network.# Recent# issues# of# centrality#measures# and#
relevance#with#financial#networks#is#discussed#by#Joseph#&#Chen#(2014a),#Lin>yuan#(2010)#and#
Tonzer#(2015)#in#their#respective#work.#
We# worked# to# find# the# dissimilarity# between# trade# and# investment# networks# to# adopt# the#
appropriate#measures#for#better#analysis.#We#used#analytical#measures#based#on#modern#graph#
theory# to# statistically# analyze# the# networks# and# inner# changes# for# certain# time# period.# The#
similar# measures# or# analytics# were# used# for# all# types# of# networks.# Besides# abundance# of#
network# related# research# there# is# scarcity# of# studies# on# this# particular# technical# aspect.# This#
paved# the#way# for#Hakeem#&# Suzuki# (2015).#We# explained# the# issues# related#with# the# use# of#
identical#analytical#measures#for#different#types#of#networks.#We#used#two#types#of#real#world#
networks# to# understand# the# analytical# process# and# results.# Our# main# findings# explain# the#




measures# can# explain# less# dense# and# incomplete# graphs# or# networks# in# much# better# way.#
Indeed# one# can# have# measures# for# all# sorts# of# networks# but# dynamic# graphs# needs# to# have#







The#benefit#of# representing# trade,# investment#and#bilateral#banking#obligations# in# the# form#of#
connected# network# is# to# highlight# the# relationship# between# two# entities,# institutions,# or#
countries.# The# network# representation# can# enhance# our# understanding# about# structure# or#
systemic# features#of#particular# graphs.#The#graph# theory#and#network#analysis# are# concerned#
about#the#relationship#among#nodes#and#edges,#which#explains#the#structure#of#complete#system.#
There#is#abundance#of#literature#on#networks#and#analytics.#Network#in#economics#and#finance#
are# not# new# either,# the# theoretical# foundation,# structure# and# process# of# evolution# are# part# of#
many# studies# including# Garlaschelli# &# Loffredo# (2005)# and# Goyal# (2007).# The# general#
connection#of#technology#and#geography#for#trade#links#is#explored#by#Eaton#&#kortum#(2002).#
The# application# of# network# analysis# related# to# world# trade,# connectivity# patterns,# structural#
changes,#mapping#process#can#be#found#in#several#studies#including#Bhattacharya,#et#al.,#(2008),#
Bernard,#et#al.,#(2007),#De#Benedictis#&#Tajoli#(2010),#and#De#Benedictis#&#Tajoli#(2011).#
The# studies# on# banking# and# investment# network# are# related# to# changes# in# network# due# to#
external# or# internal# events.# The# focus# remains# on# certain# characteristics# of# network,# such# as#
fragility,#possibility#of#contagion,#flow#of#liquidity,#and#default#probabilities#for#weaker#nodes.##





basic# structure# and# connectivity# patterns.# Hakeem# &# Suzuki# (2015)# focused# on# dissimilarity#
between#trade#and#investment#networks#to#adopt#the#appropriate#measures#for#better#analysis#
Tracking#the#changes#within#network#over#certain#time#span#is#relatively#new#concept.#We#used#




or# due# to# changes# in# internal# circumstances.# The# tracking#process# is# not# same# for# all# sorts# of#






to# internal# or# external# circumstances.# The# changes#within#network# can# reciprocate# the#policy#
shifts#and#variations.# Increase#or#decrease# in#edges#of#existing#nodes#and#aggregate#centrality#
measures#explains#the#deviations#of#liquidity#or#investment#flows#and#destinations.##
The# transformation# process# of# investment# network# revels# the# increase# in# total# density# of#
network#with#every#passing#year.#Total#density#explains# the# increasing#volumes#and#residuals#
for#every#node#of#that#particular#network.##For#trade#network#the#phenomena#remains#the#same.#
There#was# increase# in# density# due# to# enhanced# volumes.# The# trade# network# experienced# the#
dips#in#total#trade#due#to#issues#with#global#economy#and#reduction#in#cumulative#demand.###############
The# observed# investment# and# trade# networks# are# gaining#more# resilience# and# strength# with#
every#passing#year.#The#same#networks#represented#weak#connectivity#patterns#and#aggregate#
centrality# measures# initially.# Global# Financial# Crisis# (GFC)# impacted# the# whole# investment#
network#and#every#node#was#exposed#to#liquidity#crunch#due#to#lower#volume#of#flows#for#few#
years.# The# GFC# impacted# the# volume# and# flows# initially.# The# network# resorted# to# domestic#
connections#by#increasing#the#local#connectivity#level#to#provide#liquidity#cushions.###########
There# is# a# shift# in# investment# behavior# of# EU# investors,# as# there# are# more# inflow# towards#
domestic#and#central#capital#markets#such#as#Germany,#France#and#Luxemburg.#EU#countries#are#
attracting#more# investment# due# to#monetary# union# status# and# relaxed# laws# for# cross# border#
investment# within.# Global# financial# crisis# impacted# the# trade# flows# of# trade# network# after#
impacting# the# investment# networks#with# respect# to# shock# span.# This# explains# the# slower# and#







reduces# by# big# margins.# There# is# a# change# in# connectivity# patterns# of# aggregate# banking#
networks.#There#are#new#connections#established#by#central#and#major#nodes#to#help#the#ailing#
economies.#The#nodes#facing#severe#reduction#of#inflows#also#opted#to#reduce#or#even#terminate#





a# continuous# process# of# development,# enhanced# understanding# and# evaluation# of# different#





&# Harvey# (1998)# confirm# the# direct# impact# of# private# equity# investment# on# macroeconomic#




Researchers# such# as# Levine#&# Zervos# (1996)# discussed# the# investment’s# impacts# on# liquidity#
and# implications# for#better#and#broader#market.#The# issues#related#to# improvement#of# foreign#
portfolio# investment#for#any#country#and#its#contribution#towards#more#efficient#stock#market#
and# elimination# of# financial# constraints# for# domestic# corporations# are# discussed# in# detail# by#
Laeven# (2003);# Knill# (2004);# Beck,# et# al.,(2005).# Besides# the# positive# impacts# of# portfolio#
investment#there#are#studies#focusing#on#short#or#long#term#adverse#effects#besides#betterment#
of# capital#markets# and# capital# access.# The#multiplier# effect# for# the# growth# of# capital#markets#
improves#the#liquidity#situation#for#all#investors;#the#capital#flows#are#the#depiction#of#enhanced#
economic#growth#and#activity#and#add#value#towards#wealth#creation#and#distribution.#Efficient#
capital# allocation# is# the# ultimate# point# which# can# help# the# host# economy# to# grow#
multidimensional#and#dynamically.#Rajan#and#Zingales#(1998);#Wurgler#(2000)#and#Love#(2003)#
contributed# for# better# explanation# of# these# issues.# There# are# studies# focusing# on# economic#
development# of# different# countries# due# to# foreign# portfolio# inflows# such# as# Agarwal# (1997)#




and# economic# impact# there# is# scarcity# of# network# perspective# especially# liquidity# flows# and#
resultant# impacts.# There# are# studies# related# to# network# analysis# of# capital# markets# such# as#
network#analysis#of#Chinese#stock#market#by#Huang,#Zhuang#&#Yao#(2009)#and#few#others.####
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The# transformation#process#of# investment#network# is#discussed# in#Hakeem#&#Suzuki# (2016b).#
We# extended# our# analytical# approach# to# evaluate# the# characteristics# of# individual# nodes# to#
establish# the# relationship# between# portfolio# investment# flows# and# economic# indicators.# Our#
findings#in#Hakeem#&#Suzuki#(2016c)#explain#that#investment#network#is#not#complete#graph.#So#
connectivity# pattern# of# different# nodes# varies# accordingly.# Some# nodes# have# central# position#
with#higher#connectivity#levels#compared#to#other#nodes.#




earlier# studies.#The#general# conclusion# confirmed#our#assumptions#about# central#nodes.#More#
central#a#country#is,#more#relationships#or#correlations#it#holds.#It#can#also#have#implications#for#
countries#with#less#connectivity#to#improve#their#network#position#and#capture#more#economic#
benefits.# # The# countries# must# strive# to# connect# with# all# nodes# to# fully# capitalize# the#
opportunities#for#market#efficiency#and#improvements#on#economic#front.#European#Union#is#an#
example,# the# case# for# other# investment#networks# and# individual# countries# to# establish# strong#
linkages# to# increase# the# connectivity# patterns.# The# more# connected# nodes# can# have# strong#
positive#correlation#between#investment#and#economy.##
1.3.4!Financial!Networks!and!Contagion!!
Finding# interconnectedness# among# financial# institutions# remains# in# lime# light# by# many#
researchers#around# the#globe.#This# trend# is#not#deep>rooted#and#gained#attention#during#past#




The# theoretical# background# in# literature,# for# the# system# of# inter>bank# credits# has# been#
introduced# by# Eisenberg# &# Noe# (2001).# Who# have# presented# a# centralized# static# clearing#
mechanism#for#a#financial#system#for#a#given#structure#of#bilateral#nominal#liabilities.#Network#








in# Allen# &# Gale# (2000).# Though,# findings# were# not# consistent# among# the# above>mentioned#
papers# due# to# variety# of# model# modifications,# input# methods# and# number# of# variables.# The#
framework# and# groundings# provided# by# Eisenberg#&#Noe# (2001)# remains# the# same.# Advance#







focus#was# on# interbank# network# of# European# Union# instead# of# single# country.# Although# data#
limitations#remained#same,#but#new#approach#enhance#the#understanding#of#financial#network#
of# whole# region# to# study# the# contagion# and# systemic# risk.! The# issue# of# systematic# risk# or#




structures.# Pre>crisis# network# nodes# had# higher# level# of# interconnectedness# and# are# more#
dependent#on#bilateral#obligations.#Besides#higher# level#of# exposures,# their# capital#buffers#are#
not#that#large.#On#the#other#hand#post>crisis#network#had#smaller#volume#of#bilateral#obligations,#
and# higher# level# of# capital# and# reserves.# All# nodes# are# interconnected# to# other# nodes# within#
network.# Level#of# interconnectedness# can#be#determined#by#analyzing# the#volume#of#bilateral#
obligations.#Higher#level#of#interconnectedness#for#small#nodes#can#be#hazardous,#while#for#large#
nodes,#appears#to#increase#their#overall#strength.#
Contagion# plays# an# important# role# in# transferring# default# risk.# If# large# node# faces# difficult#






taxpayer’s# money# as# bailouts.# Post>crisis# network# seems# stronger# and# resilient,# as# they#
accumulated#capital#and#reduced#bilateral#obligations.###



























analysis#needs#appropriate#data#and# collection#mechanisms.#The# reason,#we#are#unable# to#get#
hold# of# every# network# we# intentionally# or# unintentionally# interact# with.# The# prevailing#
circumstances#limit#the#realization#of#every#network#relevant#to#our#lives.#The#case#of#networks#
in#economics#and#finance#in#similar,#besides#the#realization#of#their#existence#we#are#unable#to#








Upper# (2011)# included# comprehensive# survey# of# literature# on# interbank# networks.# Available#
and# commonly# used# networks# for# better# understating# of# financial# linkages# and# economy# are#
related# to# banking,# investment,# market# trading# patterns# and# international# trade.# We# would,#
briefly#discuss#each#types#of#network#used#in#our#analysis.#
S.!No.# Type!of!Network! Country! Author/s! Year!
1.# Interbank#(Overnight#Loans)# United#States# Furfine# 2003#
2.# Domestic#Interbank#loans# Germany# Upper#and#Worms# 2004#
3.# Domestic#Interbank#loans# Hungry# Lubloy# 2006#
4.# Domestic#Interbank#loans# Netherlands# van#Lelyveld#and#Liedrop# 2004#
5.# Domestic#Interbank#loans# Austria# Elsinger#et#al.# 2006#
6.# Domestic#Interbank#loans# United#Kingdom# Wells# 2004#
7.# Domestic#Interbank#loans# Italy# Mistrulli# 2007#
8.# Domestic#Interbank#loans# Brazil# Cont,#et#al.# 2011#
9.! International#Interbank#loans# Eurozone# Hakeem#and#Suzuki# 2014#
10.# Portfolio#Investment# European#Union# Hakeem#and#Suzuki# 2015#
11.# International#Trade# Different#Networks# Bhattacharya,#K.,et#al.# 2008#
12.# International#Trade# World# De#Benedictis,#L.,#&#Tajoli,# 2011#








region# or# border# assets# holdings,# lending# and# borrowing# positions,# capital# buffers# and#
possibility#of#contagion#are#few,#among#possible#analytical#objectives#banking#networks#are#and#
can# be# used# for.# The# connection# among# banking# networks# can# be# simple# if# liquidity# flows# or#
cross# asset# holdings# are# considered,# but# can# be# extremely# complex# if# existence# of# multiple#
connections# consider# flow# of# information# as# well.# The# issue# revolves# around# availability# of#
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appropriate# data# related# to# complex# connection# patterns.#Most# of# latest# and# previous# studies#
focused#on# interbank#borrowing# and# lending#positions# to# construct# the#possible#network.#We#




































trade# among#different# countries.# The#dynamic# graphs# or# time#dependent# networks# can# easily#







The# theoretical# background# in# literature,# for# the# system# of# inter>bank# credits# has# been#
introduced# by# Eisenberg# &# Noe# (2001).# Who# have# presented# a# centralized# static# clearing#
mechanism#for#a#financial#system#for#a#given#structure#of#bilateral#nominal#liabilities.#Network#











in# Allen# &# Gale# (2000).# Though,# findings# were# not# consistent# among# the# above>mentioned#
papers# due# to# variety# of# model# modifications,# input# methods# and# number# of# variables.# The#
framework# and# groundings# provided# by# Eisenberg#&#Noe# (2001)# remains# the# same.# Advance#







# ! = !,! # (2.1)#
#
Where,#G#representing#the#graph#can#be#described#as#follows#
# ! = !,! # (2.2)#
#
The#vertices#can#be#defined#as#! = {1,2,…… , n}#and#“E”#as#edges#connecting#nodes.#The#simple#
undirected#graph#contains#no#multiple#arcs,#edges#or#loops.#The#difference#between#directed#and#
undirected#graph#would#be# “E”# representing#unilateral# arcs#or#directional# edges# in# respective#
cases.# # In# simple# graphs,#!!" ∈ 0,1 #representing# existence# of# links# between# two# or# more#









The#definition#of#incidence#would#be#as#follows#and#! = 1…… . . ! ,#
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that# represent# the# weight# and# strength# of# connections# between# “i”& and& “j”.# Whereas! !" =
{1,2,…… . !}.#The#diagonal#elements#of#incidence#matrix#nullify#the#possibility#of#loops#in#matrix.#
A#loop#can#be#defined#as#an#edge#originating#from#and#ending#single#nodes.#The#size#of#the#any#
network# can# be# represented# by# number# of# nodes# and# edges# establishing# the# connections# in>
between.#The#size#can#be#determined#by,#n = ! V , and!m = ! |E|.#
#










A# set#W#of# financial# institutions,# and#! = (1……… . !).# A#matrix#M#of# bilateral# exposures:#Mij#
represents#the#exposure#of#node#i#to#node#j#stated#as#the#(mark>to>)#market#value#of#all#liabilities#
of# institution# j# to# institution# i,# this# would# be# the#maximum# short>term# of# loss# of# i# in# case# of#
default#of#j.#
Whereas#! = (!! ∈ !)#where# ci# is# the# capital# of# the# institution# i,# in# other#words# the# ability# to#
absorb#losses,#as#!! = 1!!"#!! = 1…… . !.!!
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down# their# liabilities# to# their# creditors.# These# losses# are# transferred# to# the# capital# of# the#
creditors,#leading#to#a#loss#of#Mji#for#each#creditor#j#of#each#defaulted#institution.##
If# the# loss#exceeds# the#creditor’s#capital# i.e.#Mji#>#cj# this#create# the# insolvent#conditions# for# the#
institution#j,#this#scenario#may#generate#a#new#round#of#losses#to#the#creditors#of#j.#This#domino#
effect# may# be# modeled# by# defining# the# loss# transfer# within# model,# by# moving# the# losses# of#
previous#defaults#to#balance#sheet.#
Definition! 1# (Loss# Flow# within# Network)# Consider# an# initial# configuration# of# capital#
reserves!(!! ! , ! ∈ !).#Whereas#the#sequence#is#(!! ! , ! ∈ !)!!!#
# ck+1( j) =max(c0 ( j)− (1− Ri )M ji, 0)
{i,ck (i)=0}
∑ # (2.5)#
Ri#is#an#exogenous#recovery#rate#at#the#default#of#institution&i.#(!!!! ! , ! ∈ !),#where#n#=#|W|#is#
the#number#of#nodes#in#the#network,#which#would#show#the#remaining#capital#after#clearing#the#
whole#system.#The#set#of#institutions#facing#insolvency#is#as#follows,#
# D(c,M ) = { j ∈W : cn−1( j) = 0} # (2.6)#
Above# set# of# defaulting# institution# fulfils# the# default# condition# described# before.# Important#
aspect# is,# all# components#of#default# set# are#not# initial#defaults#due# to# idiosyncratic# shock# that#
start# the# loss# process.# We# may# also# find# the# defaults# due# to# contagion# and# domino# effect.#
Defaulted#institutions#are#categorized#by#following#two#subsets,#
# D(C,M ) = { j ∈W : c0 ( j) = 0}{ j ∈W : c0 ( j)> 0,cn−1( j) = 0} # (2.7)#
First#subset#is#known#as#fundamental#defaults#whereas#second#subset#is#known#as#defaults#due#
to#contagion.#Default#Impact#due#to#default#of#set#of#institutions#“A”#can#be#measured#by,#










n jcjcAL )()()( 1 # (2.9)#
Where# for# default# impact# and# total# loss,# (ck(j),# j#!#W# )k>0# is# defined#by# the# recurrence# relation#
(2.8),#with#initial#condition#is#given#as,#




an# exogenous# recovery# rate.# As# we# know# that# liquidation# process# are# quite# lengthy# and#










of#every#bank#would# take#effect,#and#may#reflect#diminishing# trend.#We#propose#a#measure# to#
find# default# probabilities# of# every# institution# because# of# that# default# cascade.# This# would#
highlight#the#most#weak#and#risky#nodes#within#financial#network.##












# Dp(A,c,M ) = E[DI(A, (c+ε)+,M ) | c(i)+εi < 0,∀i ∈ A] # (2.12)#
Where#Dp# is# the#expected#probability#of#default# in#each# iteration#of#simulation#due# to#external#
shock# and# it’s# contagion# effect.# It# is# average# number# of# survivals# out# of# total# numbers# of#
iterations.# The# above>mentioned# model# was# used# by# Moussa# (2011)# to# analyze# Brazilian#





We# defined# different#ways# to# simulate# the# above#model,# such# as# defining# the# randomness# of#
random# variables# that# would# produce# external# shock# for# the# whole# system.# Besides,# putting#
limitations# on# the# severity# of# shock# can# give# us# insights# about# the# riskiness# of# different#







clearing# scenarios.#These# scenarios#would#be# tested#under#both# simulations#distinctly.# # These#
scenarios#can#be#distinguished#by#the#following#conditions,#
# !! = 0!~!!!!!!"#!!!!! = 0!~!!!!!!! ℎ!"!!!!!! ! = 0!!!!"#!!!! ∈ !# (2.14)#
Where#! = {0~1}#represent# the# recovery# rate# for# bilateral# assets# and# liabilities# in# different#
scenarios.####The#simulation#scenarios#can#range#from#short##term#to#middle#and#long#term.#The#
short>term#scenario#would#reduce#the#overall#size#of#the#system#by#removing#the#bilateral#assets#
Dp(A,c,M ) = E[DI(A, (c+ε)+,M )]
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and# liabilities# of# the# defaulting# institution.# Medium# to# long>term# scenarios# depends# on# the#
efficiency# of# bankruptcy# clearing# regulatory#mechanism.# As# they# have# to# clear# the# defaulting#
institution’s#obligations#up#to#it’s#repayment#ratio.#
2.3!Analytical!Measures!to!Understand!Networks!
Analytical# measures# for# different# types# of# networks# mainly# include# centrality# and# relevant#
measures.#The# concept#of# centrality# is#not#new# for#networks.# Centrality#measures# explain# the#
importance# of# single# or# cluster# of# nodes.# There# are# indeed# many# definitions# related# to#
importance#of#node#correspondingly#many#centrality#measures# for#different# types#of#network.#
Centrality#measures#mainly#include#degree&centrality,&eigenvector&centrality,&hubs&and&authorities,&








edges# connected# to# it.# In#directed#networks#nodes#have#both# an# in>degree# and#an#out>degree,#
and#both#may#be#effective#if#used#in#the#appropriate#circumstances.#Although#degree#centrality#
is#a#simple#centrality#measure,#it#can#be#very#insightful.#In#a#financial#network,#for#instance,#the#
financial# institution#or#a#node#connected# to#all#other#nodes#can#have#much#more# influence#on#
other#nodes#as#well#as#the#resilience#of#whole#network.#The#standardized#degree#centrality#of#a#
node#is#its#degree#divided#by#the#maximum#possible#degree.#






# !! = |!!
! − !!! ∗ |!!!!
(! − 2)(! − 1) #
(2.16)#
Where#degree&centrality&“Cd”# is#calculated#by#using#the#maximum#value,#while#n#represents#the#




For# a# node# the# number# of# edges# ends# with# it# as# known# as# in>degree# and# number# of# edges#










The#weights#of#connection#or#edges#between#nodes#are#represented#by#matrix,#! = ! {!!"}.#The#
weight#is#zero#if#there#is#no#edge#between#two#nodes,#and#there#is#no#loop#within#network#which#







# !! = ! !!"
!,!∈!
# (2.19)#
The# number# of# edges# connected# directly# to# a# particular# node# can# be# extended# directly# to#
strength#of#a#node,#which#is#the#sum#of#the#weights#of#all#links#attached#to#that#node.#






other# nodes.# It# is# the# concept# of# geodesic# path,# ># the# shortest# path# between# two# nodes>.#
Closeness#centrality#has#small#values#for#nodes#that#are#separated#from#others#by#only#a#short#
geodesic# distance# on# average.# Such# nodes# might# have# better# access# to# information# at# other#
nodes#or#more#direct# influence#on#other#nodes.#In#a#financial#network,# for#example,#a#financial#
institution# with# lower# mean# distance# to# others# might# have# better# access# to# liquidity# and#
important#financial#information.#Closeness#centrality#is#a#very#natural#measure#of#centrality#and#
is# often# used# in# different# types# of# network# studies.# Closeness# is# based# on# the# length# of# the#
average#shortest#path#between#a#vertex#and#all#vertices#in#the#graph#




Where#!!" #represent# the# geodesic# path# between# i# and# j.# Aggregate# centrality# for# the# whole#
network#can#be#defined#as#follows.#
# !! = |!!
! − !!! ∗ |!!!!
(! − 2)(! − 1)(2! − 3)#
(2.22)#
If#!!! ∗#is# the# maximum# closeness# centrality# a# node# attained,# then# the# aggregate# closeness#
centrality# is# the# variation# in# closeness# centrality# of# all# nodes# divided# by# maximum# possible#
closeness#centrality#for#particular#network.##
Whereas#Normalized#Closeness#Centrality#is,#
# !!!! = !!!!/(! − 1)# (2.23)#

















trade# network# there# is# a# flow# of# goods# between# two# or#more# nodes.# If# the# flow# of# goods# or#
money#needs#to#pass#through#specific#node#to#reach#their#destination#then#that#particular#node#
has# enormous# power# to# influence# the# counter# parties.# There# can# be# several# ways# to# reach#
destination#but#geodesic#paths#are#designed#to#be#efficient#and#cost#effective.#So#nodes#lying#on#
that#path#have#higher#betweenness# centrality# and# influence#on# the#whole#network.#A#bank#or#
investment#firm#with#higher#betweenness#centrality#must#be#stable#and#strong#for#the#network’s#
resilience.#
The# idea# of# betweenness# is# presented# by# Freeman# (1977),# althoug# he# mentioned# some#
unpublished#works# by# other# authors# on# this# particular# issue.#Mathematically,#we# can# express#
the#betweenness#for#a#general#network#by# )(ig jk &to#be#the#number#of#geodesic#paths#from&j#to#k&






















Eigenvector&centrality& is# a# likely# extension#of# degree# centrality.&As#we#understood# that#degree#
centrality# is# the#about#getting#a# centrality#point# for# every#network#neighbor#a#node#have.#But#
every# node# is# distinctive# having# particular# characteristics# associated#with# it# only.# So# a# nodes#
importance# in#a#network#would# increase# if# it#has#connections#with#other#themselves&important#
nodes.# This# is# the# concept# behind# eigenvector# centrality.# Instead# of# awarding# nodes# just# one#
point#for#each#neighbor,#eigenvector#centrality#gives#each#node#a#score#proportional#to#the#sum#
of#the#scores#of#its#neighbors.#Bonacich#(1987)#explained#the#eigenvector&centrality&as#follows,#
# 1)(),( 1RRIC −−= βαβα # (2.28)#
Where#α #is#a#scaling#vector,#that# is#used#to#normalize#score,#whereas#β #reflects#the#extent#to#
which#centrality#of#a#node#can#be#weighted#with#respect# to#particular#characteristics#or#under#
consideration#conditions#of#networks#such#as#size#of#node,#or#total#flow.#R#is#the#adjacency,#I#is#
the# identity,# and# 1# is# an# all# ones# matrix.# By# changing# the# values# of#β #one# can# adjust# the#




Authorities.#Up#till#now#the#nodes#can#have#higher#centrality# if# they#have# incoming#edges#with#
high#centrality.#However,#in#some#networks#it#is#fine#to#give#a#node#high#centrality! if#it#points&to&
others#with#high#centrality.#So#if#a#node#is#connected#to#another#authoritative#or#important#node#
it# can# have# higher# level# of# centrality# due# to# this# connection.# For# example,# subsidiary# of# an#
investment# firm,# bank# or# hedge# fund# can# have# higher# centrality# due# to# connection# with# the#
parent# firm.# The# nodes# which# direct# to# authoritative# nodes# are# known# as# hubs# though# an#
authority# can#also#be#a#hub#or#vice#versa.#This#measure# is#exclusive# for#directed#networks,# as#
other#networks#do#not#have#pointing#edges.#######
The# idea# of# authority&and& hub& centrality# was# introduced# by# Kleinberg# (1999)# and# then# later#
developed#into#a#centrality#algorithm#called#hyperlinkTinduced&topic!search&or#HITS.####
For#ranking#purpose,##
# ∀!,!"#ℎ ! = 1!!"#!ℎ!" ! = 1# (2.29)#
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There#are# two# types#of#updates,#Authority#Update#Rule#and#Hub#Update#Rule,# to# calculate# the#

















The# clustering# coefficient# is# the# degree# by# which# nodes# tends# to# make# groups# or# clusters#
together.#The#clustering#of#nodes#having#similar#connectivity#patterns#or#others#characteristics#





three# nodes# connected# to# each# other.# The# clustering# coefficient# measures# the# density# of#
triangles#in#the#network.#
# !!" = 1!
[ !! − (!)]!
!! # (2.32)#
In# a# random# network# of# connections# between# nodes# and# edges,# #!!#and#!#has# fixed# or# finite#
values#the#quantity#becomes#small#as#!! → !∞,#so#the#clustering#coefficient#can#be#small#as#size#of#
network#grows.#But#in#reality#it#can#be#very#different#depending#on#network#type#and#size.#























graph# would# have# number# of# edges# close# to# maximum# while# less# dense# are# not# connected#
completely.#
# ! = !|!|( ! − 1)# (2.36)#
Where# E# corresponds# to# number# of# edges# and# V# shows# the# number# of# nodes# within# single#
particular#network.##
Modularity'
Network# modularity# is# about# the# connectivity# within# clusters# or# groups# of# a# network.# High#
modularity# explains# the# stronger# connectivity# within# groups# which# can# also# be# referred# as#
modules.# The# connectivity# of# nodes# with# modules# with# other# and# outer# nodes# is# not# strong#
rather#sparse.#It#is#often#used#to#find#the#community#structures#or#large#clusters#within#network.#
Modularity#can#be#calculated#by#using#the#following#equation.###
# ! = 1(2!) [!!" −
!!!!
2! ]!(!! , !!)
!"
# (2.37)#
Where#!!" #represents# the# adjacency# and# weighted# matrix,#!#contains# all# edges# such# that# the#
network#is#divided#into#2#communities#known#as#!! !!"#!!! .#!! !!"#!!! !corresponds#to#the#degree#
of#each#individual#node.#Modularity#is#then#defined#as#friction#of#edges#that#falls#within!!! !!"#!!! .#
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of# correlation# can# be# the# relationship# between# supply# and# price# of# crude# oil# in# international#
market.#As#supply#increases#the#price#goes#down#accordingly.##
We# used# “Pearson’s# product# moment# correlation# coefficient”# to# explain# the# linkage# between#
network# indices# and# economic# indicators.# By# consideration# the# basic# difference# between#
correlation#and#causation#we#developed#matrices#to#analyze#the#linkage#for#different#countries#
during#varying#time#periods.#########
For# series# of# n#measurements# of# X# and# Y,# known# as#!! !!"#!!! #for#! = 1, 2,…… . . !,# the# sample#
correlation#coefficient#can#be#used#to#estimate#correlation#!!"#between#both#variables.#It#can#be#
written#as,#
# !!" = !
!! − ! ! !! − !!!!!
!!!!!
!= ! !! − ! ! !! − !
!
!!!




# !!" = !
!!!! − !!!
!!!!!
!= ! ! !!!! − !! !!




−1! ≤ !! ≤ +1,#which#can#explain#the#strength,#level#and#type#of#relationship.##
2.5!Visualization!Techniques!
Network# visualization# in# recent# era# is# not# as# challenging# problem# as# it#was# few# years# ago.# It#















3. The#measures,# the# resultant# measures# giving# insights# about# network# and# changes# by#
using#algorithms.#####
Depending# on# the# context,# the# network# can# be# termed# as# complex,# simple,# complete,# partial,#
connected,# sparse,# small# or# large.# Visualization#process#must# consider# all# appropriate# aspects#
before#the#final#image.##
Multiple#programs#are#available#for#visualization#of#different#types#of#network.#We#mostly#used#
“Gephi”# for# network# construction# and# representation.# # Newman# (2010)# contains# detailed#
information#about#visualization#software#and#supported#network#types.###########







Centrality Measures for Financial 
Networks 
This chapter is based on the paper “Centrality Measures for Trade and Investment Networks” 
(Hakeem & Suzuki, 2015) which is joint work with associate professor Ken-ichi Suzuki. 
3.1 Introduction  
Networks are commonly used in economics and finance to explain the different relationship 
among varying variables. The broader aspects discovered with networks are not 
understandable without proper visualization and analytics. The growing use of different types 
of networks and identical analytical measures for network analysis is common norm of recent 
literature. The chapter is devoted to explain the technical issues that can arise due to use of 
identical analytical measures for different types of network, such as trade, investment, banking, 
capital markets etc. Topology of these networks depends on connectivity patterns and resultant 
characteristics. Use of identical analytical measures may change the consequential perception of 
particular network.  
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3.1.1 Summary of Main Results 
The chapter explains the issues related with use of identical analytical measures for different 
types of networks. We used two types of real world networks to understand the analytical 
process and results. Our critical findings are as follows. 
1. Individualistic centrality measures are not effective for complete graphs and similar 
networks. As we have seen the results of trade network centrality measures. There is not 
much difference in all sorts of centrality measure used for the particular network during 
both time periods.        
2. European Union Trade Network (EUTN) shows strong structure and resilience. As the 
network and edges remains same before (2007) and after (2011) global financial crisis. 
Number of edges used for complete graphs may not reflect the true picture of changes 
within network; rather one has to focus on changes in weighted degree distribution. 
3. As many centrality types were used to analyze different networks, we can observe that 
centrality measures can explain less dense and incomplete graphs or networks in much 
better way. Indeed one can have measures for all sorts of networks but dynamic graphs 
needs to have certain characteristics to be explained effectively by the used measures.   
4. Eurozone Investment Network (EIN) showed number of changes in its structure and 
strength. After crisis network is not the same rather small, bit dispersed, and shaken. 
Investors lost their confidence on smaller markets as flow of funds is directed towards big 
economies, even small nodes are moving towards bigger and stronger nodes during 2011. 
Increase and decrease of different centrality measures explains the changes in 2007 and 
2011 network in much better and understandable way.      
5. Another important observation is about the weighted degree of both trade and investment 
networks. For trade networks average weighted degree is increased in 2011 compared to 
2007. While investment networks shows sign of weakness as there is a huge decline in 
weighted degree of after crisis (2011) network. 
Weighted degrees distribution of both networks shows the level of disproportion among nodes. 
This is uniform for both trade and investment networks, as few large nodes have huge in and 
out flows while rest of the networks shares small portion of liquidity and other flows.     
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3.1.2 Relation to the literature 
A Network, in its simplest form is a combination of nodes with edges as connections. Networks 
can be simple or complex; can have few nodes with limited connectivity or large number of 
nodes with complex connections. Understanding networks and its basic structure attracted 
attention recently. Current discussions in literature are focused on network structure, functions 
and their relations, rather real world implications. The prominence of network related studies 
can be rightly attributed to the rise of social networks and increase in connectivity pattern 
concerning our lives. Besides the advancements on technological front and social connectivity, 
the network analysis was commonly used in sciences and other fields.  Historically network 
analytics and centrality measures can be attributed to Freeman (1979) for his theoretical 
grounding in social network analysis. 
Modern theory of networks and relevant application in different areas of research are part of 
Newman (2010). The recent advancement in statistical analysis also changed the dimensions of 
networks analysis. Barabasi (2002) and Bollobas (2013) discuss the developments in statistical 
analysis related to networks and mathematical foundations of modern graph theory. Kolaczyk & 
Csardi’s (2014) work is related to advanced concepts of analysis and visualization of networks.  
A centrality measure for network defines the significance of a single node. Central nodes can 
leads to faster and wider spreading in complex networks as explained by Borgatti (2005). 
Joseph & Chen (2014b) used different centrality measures to identify main nodes in different 
types of networks. They divided the measures into two categories, Radial and Medial 
Centralities. Limitations of both measures restraint us from generalization, rather particular 
measure must be used for certain type of network. Recent issues of centrality measures and 
relevance with financial networks is discussed by Joseph & Chen (2014a), Lin-yuan (2010) and 
Tonzer (2015) in their respective work. 
We are working to find the dissimilarity between trade and investment networks to adopt the 
appropriate measures for better analysis. We used the analytical measures based on modern 
graph theory to statistically analyze the networks and inner changes for certain time period. 
The similar measures or analytics are used for all types of networks within our analysis. Besides 
abundance of network related research there is scarcity of studies on this particular technical 
aspect. We believe the exploration of this aspect can be helpful for future researchers. 
 




The chapter is organized as follows. In section 3.2, we explain the theoretical background for 
analytics to be used for the analysis of two different types of networks. The measures used to 
track the changes within networks, visualization techniques for network analysis, network 
types, data sources and construction techniques are part of it. In section 3.3, we would explore 
the trade network and resultant measures. In Section 3.4, we would discuss the resultant 
analytical measures and the broader idea we are getting from them. We would focus on possible 
issues due to use of similar measures for both types of networks.  
3.2 Theoretical Background 
3.2.1 Centrality Measures for Networks 
The characteristics of any network can be explored by using multiple aggregate and 
individualistic or local centrality and relevant measures at micro and macro level. Degree and 
related weights, closeness centrality, clustering coefficient, modularity, path length and average 
weights for every node (countries for our networks) are examined for complete and partial 
graphs. The final network analytics reveals the insights related to nodes and edges for 
particular time period. Steps of analytical process are as follows. 
1. Selection of two different networks representing financial and trade relation of EU and 
Eurozone regions. 
2. Selection of common analytical measures used for network analysis. 
3. Analysis of aggregate and idiosyncratic characteristics of investment and trade 
networks by using the selected measures 
4. Comparative analysis of both networks for different time periods by graphical 
representation of resultant measures and network visualization techniques. 
The concept of centrality is not new for networks. Centrality measures explain the importance 
of single or cluster of nodes. There are indeed many definitions of importance of node 
correspondingly many centrality measures for different types of network Financial networks 
are unique with respect to their clearing mechanism, flow dynamics and other characteristics. 
We apply range of centrality measures on real world financial (investment) and trade networks, 
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to identify relevant ones, for these types of networks. Network of portfolio investment within 
European Unions and it’s trade graphs across different member and non-member countries are 
used to identify predominant nodes.  
Degree Centrality    
The simplest and earliest centrality measure in a network is the degree of a node, the number of 
edges connected to it. In directed networks nodes have both an in-degree and an out-degree, 
and both may be effective if used in the appropriate circumstances. Although degree centrality 
is a simple centrality measure, it can be very insightful. In a financial network, for instance, the 
financial institution or a node connected to all other nodes can have much more influence on 
other nodes as well as the resilience of whole network. The standardized degree centrality of a 
node is its degree divided by the maximum possible degree. 
 𝑐𝑖𝑑 =  
𝑑
𝑛 − 1 
(3.1) 
Degree centrality is calculated by using the Freeman’s (1979) general formula for centralization. 
Aggregate degree centrality for the whole network is 
 
𝐶𝑑 =
∑ |𝑐𝑖𝑑 − 𝑐𝑖𝑑 ∗ |𝑛𝑖=1
(𝑛 − 2)(𝑛 − 1)  
(3.2) 
Where degree centrality “Cd” is calculated by using the maximum value, while n represents the 
number of nodes within that particular network.  The higher the number of nodes the higher 
degree centrality it can have. The degree centralization of any regular node is 0, while star has 
degree centralization of 1. 
For a node the number of edges ends with it as known as in-degree and number of edges 
originating from it is known as out-degree. The node with no in-degree but all out degrees is 
known as “source” and the one with all in-degrees but no out-degree is called “sink”. A balanced 
directed graph has equal number of in and out degrees.  
Closeness Centrality   
This centrality measure is totally different, as it measures the mean distance from one node to 
other nodes. It is the concept of geodesic path, - the shortest path between two nodes-. 
Closeness centrality has small values for nodes that are separated from others by only a short 
geodesic distance on average. Such nodes might have better access to information at other 
nodes or more direct influence on other nodes. In a financial network, for example, a financial 
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institution with lower mean distance to others might have better access to liquidity and 
important financial information. Closeness centrality is a very natural measure of centrality and 
is often used in different types of network studies. Closeness is based on the length of the 
average shortest path between a vertex and all vertices in the graph 
 𝐶𝑖𝑐 =  
𝑛 − 1
∑ 𝛿𝑖𝑗𝑛−1𝑗 ≠ 𝑖
 (3.3) 
Where 𝛿𝑖𝑗  represent the geodesic path between i and j. Aggregate centrality for the whole 
network can be defined as follows. 
 
𝐶𝑐 =
∑ |𝐶𝑖𝑐 − 𝐶𝑖𝑐 ∗ |𝑛𝑖=1
(𝑛 − 2)(𝑛 − 1)(2𝑛 − 3) 
(3.4) 
If 𝐶𝑖𝑐 ∗ is the maximum closeness centrality a node attained, then the aggregate closeness 
centrality is the variation in closeness centrality of all nodes divided by maximum possible 
closeness centrality for particular network.  
Whereas Normalized Closeness Centrality is, 
 𝐶𝑖𝑐′ =  𝐶𝑖𝑐/(𝑛 − 1) (3.5) 
Where, 𝛿𝑖𝑗  is the distance between node i and j, while n refers to the number of nodes within 
network. The concept of closeness centrality is not new and is based on the foundations laid by 
Bavelas (1950), who used this as multiplicative inverse of farness. 
Eccentricity 
Eccentricity of a node can be defined as the greatest geodesic distance between node 𝑣𝑖and any 
other node. It explains that how far the node is from the furthest node within graph. 
 𝐶𝑖𝑐 =  
𝑛 − 1
𝑚𝑎𝑥 ∑ 𝛿𝑖𝑗𝑛−1𝑗 ≠ 𝑖
 (3.6) 
Betweenness Centrality 
Betweenness Centrality is another different centrality concept; it measures the extent to which a 
node lies on path between other nodes. It quantifies the number of times a node act as a bridge 
along the geodesic path between two other nodes. To understand the concept we need to look at 
the financial or trade network. In financial network there is a flow of money or liquidity and in 
trade network there is a flow of goods between two or more nodes. If the flow of goods or 
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money needs to pass through specific node to reach their destination then that particular node 
has enormous power to influence the counter parties. There can be several ways to reach 
destination but geodesic paths are designed to be efficient and cost effective. So nodes lying on 
that path have higher betweenness centrality and influence on the whole network. A bank or 
investment firm with higher betweenness centrality must be stable and strong for the network’s 
resilience. 
The idea of betweenness is presented by Freeman (1977), although he mentioned some 
unpublished works by other authors on this particular issue. Mathematically, we can express 
the betweenness for a general network by )(ig jk  to be the number of geodesic paths from j to k 
that pass through i. And we define jkg  to be the total number of geodesic paths from j to k. 
Then the betweenness centrality of node i is 
 




Aggregate betweenness centrality can be calculated by using the following equation,  
 








[(𝑛 − 1)(𝑛 − 2)/2] 
(3.9) 
Where n is the total number of nodes within network. 
Eigenvector Centrality  
Eigenvector centrality is a likely extension of degree centrality. As we understood that degree 
centrality is the about getting a centrality point for every network neighbor a node have. But 
every node is distinctive having particular characteristics associated with it only. So a nodes 
importance in a network would increase if it has connections with other themselves important 
nodes. This is the concept behind eigenvector centrality. Instead of awarding nodes just one 
point for each neighbor, eigenvector centrality gives each node a score proportional to the sum 
of the scores of its neighbors. Bonacich (1987) explained the eigenvector centrality as follows, 
 1)(),( 1RRIC  EDED  (3.10) 
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Where D  is a scaling vector, that is used to normalize score, whereas E  reflects the extent to 
which centrality of a node can be weighted with respect to particular characteristics or under 
consideration conditions of networks such as size of node, or total flow. R is the adjacency, I is 
the identity, and 1 is an all ones matrix. By changing the values of E  one can adjust the 
characteristics required to affect the eigenvalue centrality. E  equals to zero simply gives 
degree centrality. 
Hubs and Authorities  
For directed networks, we can give centrality measures another dimension by using Hubs and 
Authorities. Up till now the nodes can have higher centrality if they have incoming edges with 
high centrality. However, in some networks it is fine to give a node high centrality if it points to 
others with high centrality. So if a node is connected to another authoritative or important node 
it can have higher level of centrality due to this connection. For example, subsidiary of an 
investment firm, bank or hedge fund can have higher centrality due to connection with the 
parent firm. The nodes which direct to authoritative nodes are known as hubs though an 
authority can also be a hub or vice versa. This measure is exclusive for directed networks, as 
other networks do not have pointing edges.       
The idea of authority and hub centrality was introduced by Kleinberg (1999) and then later 
developed into a centrality algorithm called hyperlink-induced topic search or HITS.    
For ranking purpose,  
 ∀𝑝, 𝑎𝑢𝑡ℎ(𝑝) = 1 𝑎𝑛𝑑 ℎ𝑢𝑏(𝑝) = 1 (3.11) 
There are two types of updates, Authority Update Rule and Hub Update Rule, to calculate the 
scores for each node repeated iterations of both rules are applied. A k-step application of the 
Hub-Authority algorithm would require the k times application of the Authority Update rule and 
then Hub Update Rule. Both rules are as follows,  
∀𝑝 we update auth(p), 
 




∀𝑝 we update hub(p), 








Where n is the total number of nodes connected to p.  
Clustering Coefficient  
The clustering coefficient is the degree by which nodes tends to make groups or clusters 
together. The clustering of nodes having similar connectivity patterns or others characteristics 
is evident in network analysis. There are two ways to measure the clustering of nodes in 
particular networks. 
1. Global Clustering Coefficient  
2. Local Clustering Coefficient    
This first type “Global Clustering Coefficient” is based on trio of nodes. The trio is combination 
of three nodes connected to each other. The clustering coefficient measures the density of 








In a random network of connections between nodes and edges,  𝑘2 and 𝑘 has fixed or finite 
values the quantity becomes small as 𝑛 →  ∞, so the clustering coefficient can be small as size of 
network grows. But in reality it can be very different depending on network type and size. 
The aggregate clustering coefficient is proposed by Watts & Strogatz, (1998) and can be 















While 𝑒𝑗𝑘 is the path from i to j, and 𝑘𝑖 are the number of neighbors of a node.  We can also 













Network modularity is about the connectivity within clusters or groups of a network. High 
modularity explains the stronger connectivity within groups which can also be referred as 
modules. The connectivity of nodes with modules with other and outer nodes is not strong 
rather sparse. It is often used to find the community structures or large clusters within network. 








Where 𝑀𝑖𝑗 represents the adjacency and weighted matrix, 𝑚 contains all edges such that the 
network is divided into 2 communities known as 𝑐𝑖 𝑎𝑛𝑑 𝑐𝑗 . 𝑘𝑖 𝑎𝑛𝑑 𝑘𝑗 corresponds to the degree 
of each individual node. Modularity is then defined as friction of edges that falls within 𝑐𝑖 𝑎𝑛𝑑 𝑐𝑗 . 
3.2.2 Why Centrality Matters 
We introduced different centrality measures and calculation techniques. But do we need all 
these measures to see through the networks. The answer is not simple, rather complex but we 
do need all of these and other measures to understand the networks in better and convenient 
way. Centrality measures can be divided into local measures such as degree centrality and 
relative measures such as closeness and betweenness centrality. These measures are designed 
to explain the nodes characteristics in different ways. In finance, investment and trade we need 
to focus on every important node. These measures enlighten us about the importance of every 
node by showing relevant statistics. As in large networks attention can’t be given to every single 
node, one can easily find the important and relevant nodes with the help of these measures.       
Name Notation Name Notation 
In-Degree IN-D Closeness Centrality CC 
Out Degree Out-D Betweenness Centrality BC 
Degree Deg Authority Aut 
Weighted Degree W. D Hub Hub 
Weighted In-Degree W. In-D Modularity Class MC 
Weighted  Out Degree W. Out-D Clustering Coefficient Clu. C 
Eccentricity Ecc. Eigenvector Centrality Eig. C 
Table 3.1: Notations for Network Measures 
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Every measure has certain properties and characteristics that can explain the underlying 
number within networks. These properties are explained in earlier literature. Table 3.1 contains 
the notations for centrality measures that would be used in following sections. 
3.2.3 Real World Networks 
We selected two different networks for centrality analysis, which are as follows,  
1. European Union Trade Network (EUTN) 
2. Eurozone Investment Network  (EIN) 
European Union Trade Network (EUTN) includes 28 European Union (EU) members and its 3 
biggest trading partners which are China, US and Japan. So trade network contain 31 countries. 
The data is obtained for 2 different years, 2007 and 2011, to observe the changes within 
network due to global financial crisis. The time period is vital to observe changes in world trade 
and economy. Trade networks are obtained from Direction of Trade Statistics (2015) also 
known as DOTS.             
European Union Investment Network (EIN) consist 17 1  Eurozone member states and 
international organizations. These international organizations are represented by single node 
with cumulative investment figures for each member state. The data is obtained for 2007 and 
2011. As explained earlier that selection of network years is due to global financial crisis and its 
huge impact on global trade and investment networks. Investment networks are obtained from 
Coordinated Portfolio Investment Survey (2015) also known as CPIS. Both databases are 
compiled by International Monetary Fund (IMF) data library.       
3.3 Eurozone Investment Network (EIN) 
Now we look at our investment network known as Eurozone Investment Network (EIN). The 
network consist 17 Eurozone members and 1 node of international organizations which won’t 
represent a country in investment profiles. Table 3.2 and 3.3 shows summery of centrality 
measures for EIN of 2007 and 2011 respectively. Size of the node in figure 3.1 represents the 
weighted in and out degree, whereas different colors explains the similarities in connections 
between nodes. Large nodes are arranged as a cluster intentionally for better understanding of 
                                                        
 
1 Eurozone had 17 member states during our analysis period which is from 2007-2011. 
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the complete graph. The countries and their respective connections are almost same in both 
networks. Though there is a visible change in weighted connections among strong nodes. To get 
better insights let’s focus on centrality distributions of 2007 and 2011 EIN.   
 
Some centralities measures remain same during both time periods, such as hubs and authority 
but unlike trade network we find lots of changes in EIN’s centrality measures after financial 
crisis. It’s loud and clear that whole investment scenario was changed afterwards. For example 
drastic reduction in betweenness centrality and increase in closeness centrality in 2011 as 
compared to 2007 shows that nodes are less resilient as well as having lower dependencies on 
other nodes. An overall reduction in degree centrality in 2011 sends a clear message of market 
contraction compared to 2007 levels, as edges are disappearing from the network. Whereas, 
increase in eigenvector centrality revels the creation of strong and stable connections with large 
and central nodes, by other small or large nodes. This explains investor’s sentiments and 
expectations just after the crisis.        
3.4 EU Trade Network (EUTN) 
Trade network of European Union and its 3 big trading partners, China, US and Japan are shown 
in Figure 3.2 (2007 and 2011). Network visualization revels that trade network remains the 
same in terms of its structure. Though its weights are different and volumes are increased with 
the passage of time. Another important and visible issue is about linkages among nodes. One can 
notice that big trading partners have huge influence on the whole network due to attained 
centrality. Big 3 trading partners of EU are strongly interlinked with themselves and every 
member of EU, and can transmit shocks to every single node in the network.  
Table 3.4 shows the centrality distribution of 2007 trade network. If we observe the centrality 
distribution for 2007 network we would realize that this network is strongly connected having 
highest possible density numbers for a graph such as 0.99. Centrality distribution show the 
same phenomena as node are acting in uniform and cumulative way. Difference of edge weights 
is there which one can notice from degree distributions. These distributions also revels the 
scales of network flows from nodes as node size varies a lot, so is the flow from it. These strong 
connection and interlinks can be vital for resilience but fatal for transmission of shocks. In other 
words the network as a whole can be more resilient to the outer shocks but can transmit it to 
every last node, and may not be able to contain it till specific cluster. 
 











































Node IN-D Out-D Deg. W. In-D W. Out-D Ecc. CC BC Aut. Hub MC Clu.C Eig. C 
Austria 17 16 33 266171 278425 1.0 1.000 1.751 0.063 0.062 1.000 0.871 1.000 
Belgium 17 16 33 641140 302515 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Cyprus 17 15 32 7462 18337 2.0 1.063 1.275 0.063 0.062 0.000 0.875 1.000 
Estonia 17 10 27 3888 2293 2.0 1.375 0.000 0.063 0.062 1.000 0.893 1.000 
Finland 17 16 33 136654 146729 1.0 1.000 1.751 0.063 0.062 1.000 0.871 1.000 
France 17 16 33 1877343 1350466 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Germany 17 16 33 1789829 2003805 1.0 1.000 1.751 0.063 0.062 1.000 0.871 1.000 
Greece 13 16 29 43011 237144 1.0 1.000 0.237 0.049 0.051 0.000 0.946 0.834 
Ireland 17 16 33 701472 657724 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Italy 16 16 32 955919 1158767 1.0 1.000 1.140 0.059 0.058 0.000 0.875 0.938 
Luxembourg 17 16 33 1321667 1484746 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Malta 13 12 25 5319 1252 2.0 1.250 0.000 0.049 0.051 1.000 0.978 0.831 
Netherlands 17 16 33 743289 1013958 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Portugal 15 14 29 129799 201084 2.0 1.125 0.432 0.056 0.055 0.000 0.900 0.886 
Slovak Republic 14 13 27 4133 6061 2.0 1.188 0.000 0.052 0.051 0.000 0.908 0.831 
Spain 17 16 33 453825 983550 1.0 1.000 1.751 0.063 0.062 0.000 0.871 1.000 
Intl. Organizations 12 16 28 904782 134526 1.0 1.000 0.154 0.045 0.047 1.000 0.950 0.772 
Slovenia 0 14 14 0 4321 2.0 1.176 0.000 0.000 0.004 1.000 0.978 0.000 
















Node IN-D Out-D Deg. W. In-D W. Out-D Ecc. CC BC Aut. Hub MC Clu.C Eig. C 
Austria 16 17 33 160356 310794 1 1.000 2.228 0.058 0.058 1 0.886 0.942 
Belgium 16 17 33 349655 250377 1 1.000 2.228 0.058 0.058 1 0.886 0.942 
Cyprus 15 14 29 17377 4460 2 1.176 0.258 0.055 0.055 0 0.901 0.883 
Estonia 16 4 20 2924 346 2 1.765 0.000 0.058 0.058 0 0.963 0.942 
Finland 16 17 33 90743 109637 1 1.000 4.216 0.058 0.058 1 0.886 0.942 
France 16 17 33 1206640 1447194 1 1.000 2.228 0.058 0.058 1 0.886 0.942 
Germany 17 17 34 1101503 1572044 1 1.000 5.645 0.062 0.062 1 0.882 1.000 
Greece 13 16 29 14776 60067 2 1.059 0.183 0.048 0.048 0 0.901 0.771 
Ireland 14 17 31 415888 204638 1 1.000 0.525 0.051 0.051 0 0.893 0.829 
Italy 16 17 33 444309 827944 1 1.000 2.228 0.058 0.058 0 0.886 0.942 
Luxembourg 17 17 34 828000 155264 1 1.000 5.645 0.062 0.062 0 0.882 1.000 
Malta 16 7 23 6619 1011 2 1.588 0.000 0.058 0.058 0 0.963 0.942 
Netherlands 16 17 33 562196 1030362 1 1.000 2.228 0.058 0.058 1 0.886 0.942 
Portugal 14 17 31 68848 109240 1 1.000 0.525 0.051 0.051 0 0.893 0.829 
Slovak Republic 15 14 29 18602 10896 2 1.176 0.251 0.055 0.055 0 0.901 0.883 
Slovenia 16 15 31 9209 12608 2 1.118 3.084 0.058 0.058 0 0.893 0.942 
Spain 12 17 29 212809 611080 1 1.000 0.077 0.045 0.045 0 0.901 0.716 
IO 13 17 30 1433372 225864 1 1.000 0.448 0.048 0.048 1 0.897 0.781 
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Size of nodes are as per the degree centrality distribution, so if we look at the counties then 
Germany appears to be the most connected country with the whole European Union with 
respect to weighted degree distribution. We can find the cluster of countries or big nodes having 
higher weights of edges such as France, UK, Italy, Spain and Netherland, while the rest smaller 
nodes, and lower weights edges. The visible cluster as made for better understanding as whole 
network is unique and complete so technically it only have one cluster of itself.  
Trade network of 2007 and 2011, as shown in figure 3.2, the visible networks filter out the 
smaller edges to show the better picture of larger nodes and connections. Table 3.5 shows the 
centrality distribution measures of 2011 trade network. If we compare 2007 and 2011 trade 
network centrality metrics we can find large number of similarities. Besides weighted degree 
distribution, all other distributions are similar, such as betweenness, hubs and authority, 
closeness, eigenvector and degree centrality. The centrality distribution similarities explain a lot 
about dynamics of trade network. Complex, stable, resistant with large weights, these 
connections cannot be broken. It can be due to the complexities involved in trade of goods and 
services as it’s not the liquidity only but huge quantity of supplies that moves between nodes. 
By comparing both trade networks and centrality measures, we believe that financial crisis in 
2008 was not able to change much about trade network in these years as both structures are 
complete with similar weights. 
The network measures used for both types of networks explains that partial or incomplete 
networks can be explained by centrality measures in a much better way compared to complete 
and fully connected network. The centrality measures related to complete network are uniform 
due to full connectivity. We need to focus on alternative and advanced techniques to understand 





























Node IN-D Out-D Deg. W. D W. In-D W. Out-D Ecc. CC BC Aut. Hub MC Clu.C Eig. C 
Austria 30 30 60 270.6821 137.884 132.7981 1 1 0.034 0.032 0.032 1 0.999 1 
Belgium 30 30 60 685.7938 324.5699 361.224 1 1 0.034 0.032 0.032 1 0.999 1 
Bulgaria 30 30 60 28.96208 16.93825 12.02383 1 1 0.034 0.032 0.032 1 0.999 1 
China 30 30 60 855.4743 273.2326 582.2417 1 1 0.034 0.032 0.032 0 0.999 1 
Croatia 30 30 60 27.88212 19.99299 7.889133 1 1 0.034 0.032 0.032 1 0.999 1 
Cyprus 30 30 60 9.756678 8.892004 0.864674 1 1 0.034 0.032 0.032 0 0.999 1 
Czech Republic 30 30 60 209.7493 100.9657 108.7836 1 1 0.034 0.032 0.032 1 0.999 1 
Denmark 30 30 60 160.0964 77.93875 82.15761 1 1 0.034 0.032 0.032 2 0.999 1 
Estonia 29 30 59 21.76874 13.45146 8.317283 1 1 0.000 0.031 0.031 2 1.000 0.968 
Finland 30 30 60 127.3033 65.79092 61.51236 1 1 0.034 0.032 0.032 2 0.999 1 
France 30 30 60 929.8149 511.6407 418.1742 1 1 0.034 0.032 0.032 1 0.999 1 
Germany 30 30 60 1829.967 813.5661 1016.401 1 1 0.034 0.032 0.032 1 0.999 1 
Greece 30 30 60 73.11229 54.56955 18.54274 1 1 0.034 0.032 0.032 1 0.999 1 
Hungary 30 30 60 156.0295 75.51318 80.51628 1 1 0.034 0.032 0.032 1 0.999 1 
Ireland 30 30 60 183.5582 80.60788 102.9503 1 1 0.034 0.032 0.032 0 0.999 1 
Italy 30 30 60 703.6567 347.6873 355.9694 1 1 0.034 0.032 0.032 1 0.999 1 
Japan 30 30 60 585.3186 224.6837 360.6349 1 1 0.034 0.032 0.032 0 0.999 1 
Latvia 30 30 60 19.41205 13.2079 6.204157 1 1 0.034 0.032 0.032 2 0.999 1 
Lithuania 30 30 60 28.55433 16.95548 11.59885 1 1 0.034 0.032 0.032 2 0.999 1 
Luxembourg 30 30 60 45.13918 24.59759 20.54159 1 1 0.034 0.032 0.032 1 0.999 1 
Malta 30 29 59 7.605033 5.503185 2.101847 2 1.033 0.000 0.032 0.032 1 1.000 1 
Netherlands 30 30 60 813.6947 350.114 463.5807 1 1 0.034 0.032 0.032 1 0.999 1 
Poland 30 30 60 254.3113 139.7654 114.5459 1 1 0.034 0.032 0.032 1 0.999 1 
Portugal 30 30 60 108.7338 65.17488 43.55893 1 1 0.034 0.032 0.032 1 0.999 1 
Romania 30 30 60 78.36595 47.80212 30.56383 1 1 0.034 0.032 0.032 1 0.999 1 
Slovak Republic 30 30 60 100.4332 47.29897 53.13419 1 1 0.034 0.032 0.032 1 0.999 1 
Slovenia 30 30 60 48.995 25.1074 23.88761 1 1 0.034 0.032 0.032 1 0.999 1 
Spain 30 30 60 485.6151 293.0936 192.5214 1 1 0.034 0.032 0.032 1 0.999 1 
Sweden 30 30 60 244.2851 123.1633 121.1218 1 1 0.034 0.032 0.032 2 0.999 1 
United Kingdom 30 30 60 780.778 458.2661 322.5119 1 1 0.034 0.032 0.032 1 0.999 1 
United States 30 30 60 1110.776 734.8374 375.9381 1 1 0.034 0.032 0.032 0 0.999 1 




Node IN-D Out-D Deg. W. D W. In-D W. Out-D Ecc. CC BC Aut. Hub MC Clu.C Eig. C 
Austria 30 30 60 296.4015 155.773 140.6285 1 1 0.034 0.032 0.032 1 0.999 1 
Belgium 30 30 60 738.1762 356.4015 381.7747 1 1 0.034 0.032 0.032 1 0.999 1 
Bulgaria 30 30 60 38.55787 20.12715 18.43072 1 1 0.034 0.032 0.032 1 0.999 1 
China 30 30 60 1285.415 455.5114 829.9033 1 1 0.034 0.032 0.032 0 0.999 1 
Croatia 30 30 60 26.64517 18.1563 8.488867 1 1 0.034 0.032 0.032 1 0.999 1 
Cyprus 30 29 59 11.11475 10.07264 1.042109 2 1.033 0.000 0.032 0.032 0 1.000 1 
Czech Republic 30 30 60 265.8944 124.694 141.2004 1 1 0.034 0.032 0.032 1 0.999 1 
Denmark 30 30 60 162.4692 78.2216 84.24759 1 1 0.034 0.032 0.032 1 0.999 1 
Estonia 30 30 60 27.62561 15.31635 12.30925 1 1 0.034 0.032 0.032 1 0.999 1 
Finland 30 30 60 115.7963 62.80462 52.99171 1 1 0.034 0.032 0.032 1 0.999 1 
France 30 30 60 1001.037 577.7156 423.3218 1 1 0.034 0.032 0.032 1 0.999 1 
Germany 30 30 60 2043.983 954.2216 1089.762 1 1 0.034 0.032 0.032 1 0.999 1 
Greece 30 30 60 60.57312 40.87519 19.69793 1 1 0.034 0.032 0.032 1 0.999 1 
Hungary 30 30 60 171.5121 79.86123 91.65089 1 1 0.034 0.032 0.032 1 0.999 1 
Ireland 30 30 60 167.7022 60.88942 106.8128 1 1 0.034 0.032 0.032 0 0.999 1 
Italy 30 30 60 708.9236 361.1008 347.8228 1 1 0.034 0.032 0.032 1 0.999 1 
Japan 30 30 60 667.1596 281.6948 385.4648 1 1 0.034 0.032 0.032 0 0.999 1 
Latvia 30 30 60 22.57334 13.7157 8.857634 1 1 0.034 0.032 0.032 1 0.999 1 
Lithuania 30 30 60 36.98917 18.94939 18.03978 1 1 0.034 0.032 0.032 1 0.999 1 
Luxembourg 29 30 59 46.32416 28.92736 17.39681 1 1 0.000 0.031 0.031 1 1.000 0.968 
Malta 30 30 60 11.20195 9.022145 2.179808 1 1 0.034 0.032 0.032 0 0.999 1 
Netherlands 30 30 60 969.8513 413.8256 556.0257 1 1 0.034 0.032 0.032 1 0.999 1 
Poland 30 30 60 330.0852 176.5047 153.5805 1 1 0.034 0.032 0.032 1 0.999 1 
Portugal 30 30 60 110.8442 64.24734 46.59682 1 1 0.034 0.032 0.032 1 0.999 1 
Romania 30 30 60 106.0015 59.12903 46.87248 1 1 0.034 0.032 0.032 1 0.999 1 
Slovak Republic 30 30 60 134.6892 63.31975 71.36948 1 1 0.034 0.032 0.032 1 0.999 1 
Slovenia 30 30 60 53.84517 26.3795 27.46567 1 1 0.034 0.032 0.032 1 0.999 1 
Spain 30 30 60 466.8861 247.0143 219.8717 1 1 0.034 0.032 0.032 1 0.999 1 
Sweden 30 30 60 257.9378 133.4495 124.4883 1 1 0.034 0.032 0.032 1 0.999 1 
United Kingdom 30 30 60 791.7364 465.9888 325.7476 1 1 0.034 0.032 0.032 1 0.999 1 
United States 30 30 60 1260.539 820.3355 440.2033 1 1 0.034 0.032 0.032 0 0.999 1 
Table 3.5: Network Analytics for EUTN 2011(WD in Billions of USD)





Tracking The Network’s 
Transformation Process  
This chapter is based on the papers “Transformations within Eurozone’s Investment Network” 
(Hakeem and Suzuki, 2016b) which is joint work with associate professor Ken-ichi Suzuki. 
4.1 Introduction  
Evolution of Networks is a continuous process. The transformation course can vary depending 
on the network type, size, structure, flow patterns, connectivity, clusters within and numerous 
other characteristics of particular network. The whole process of network transformation is 
complex and multidimensional as it involves simultaneously changing factors. The tracking 
mechanism or mapping process is complicated enough to be plausible with ease. Our objective 
is to understand the key factors of this process to map the changes within financial networks.  
This chapter is devoted to understand the tracking process of financial and trade network. The 
aggregate networks of trade, investment and bilateral banking obligations of European Union 
(EU), Eurozone, and their large trading partners were used to understand the transformations 
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due to external and internal influences. Aggregate centrality measures and visualization 
techniques were used to track the changes over time. Dynamic graphs were generated by using 
time series data for each graph. The resultant network analytics helped us to identify and 
quantifying changes within financial networks.     
The networks used to map the changes were obtained from multiple data sources. Trade 
Network is combination of 31 countries having bilateral trade relations. The data for trade 
network is obtained from direction of trade statistics (DOTS) published by International 
Monetary Fund (IMF). Number of total nodes are 31 from which 28 belongs to EU and reaming 
three countries are large trading partners of EU. The investment network consist 28 countries 
out of which 26 belongs to EU and remaining 2 are large investment partners. Data for 
investment network was obtained from coordinated portfolio investment survey (CPIS) 
published by IMF. The last network is bilateral banking obligations of 14 Eurozone countries. 
The data is obtained from multiple sources including Bank of International Settlements (BIS), 
European Banking Federation (EBF) and Eurostat.  
The above mentioned networks were used for different time periods to understand the 
transformation process and consequential changes in detail.          
4.1.1 Summary of Main Results 
This chapter explains the transformations within networks due to external events or due to 
changes in internal circumstances. The tracking process is not same for all sorts of networks but 
network analytics can explain it in a much better way compared to simple statistical analysis. 
Three different types of networks were used to understand the tracking process for several 
types of networks mainly partial, complete, small, mid-level, having higher level of liquidity and 
the ones with fewer strong connections. Our critical findings are as follows. 
1. The nodes and edges observed during transformation process can explain the transition 
process within network, due to internal or external circumstances. The changes within 
network can reciprocate the policy shifts and variations. Increase or decrease in edges of 
existing nodes and aggregate centrality measures explains the deviations of liquidity or 
investment flows and destinations.  
2. Observation of investment network for more than decade revel the increase in total 
density of network with every passing year. Total density explains the increasing volumes 
and residuals for every node of that particular network.  For trade network the 
phenomena remains the same. There was increase in density due to enhanced volumes. 
Chapter 4. Tracking The Network’s Transformation Process                                                                       54 
The trade network experienced the dips in total trade due to issues with global economy 
and reduction in cumulative demand.               
3. The observed investment and trade networks are gaining more resilience and strength 
with every passing year. The same networks had weak connectivity patterns and 
aggregate centrality measures initially.  
4. Global Financial Crisis (GFC) impacted the whole investment network and every node was 
exposed to liquidity crunch due to lower volume of flows for few years. The GFC impacted 
the volume and flows initially. The network resorted to domestic connections by 
increasing the local connectivity level to provide liquidity cushions.           
5. There is a shift in investment behavior of EU investors, as there are more inflow towards 
domestic and central capital markets such as Germany, France and Luxemburg. 
6. EU countries are attracting more investment due to monetary union status and relaxed 
laws for cross border investment within.  
7. Global financial crisis impacted the trade flows of trade network after impacting the 
investment networks with respect to shock span. This explains the slower and stronger 
impact on world’s trade and relevant networks    
8. Total volumes of trade remained depressed for prolonged time period due to multiple 
crises at international and domestic fronts. Global Financial Crisis (GFC) at international 
level and Eurozone debt crisis at local level impacted the domestic trade flows of 
connected nodes. 
9. The observed banking network shows stronger impact of GFC. The capital levels are 
decreased significantly as is the connectivity among aggregate banking network. There 
are few nodes that remained untouched with respect to total value they had, but inflows 
related to every node are reduces by big margins. 
10. There is a change in connectivity patterns of aggregate banking networks. There are new 
connections established by central and major nodes to help the ailing economies. The 
nodes facing severe reduction of inflows also opted to reduce or even terminate their 
outflows. The cumulative network represent higher clustering coefficient for weaker 
nodes due change in connectivity and flow configurations.            
4.1.2 Relation to the literature 
The benefit of representing trade, investment and bilateral banking obligations in the form of 
connected network is to highlight the relationship between two entities, institutions, or 
countries. The network representation can enhance our understanding about structure or 
systemic features of particular graphs. The graph theory and network analysis are concerned 
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about the relationship among nodes and edges, which explains the structure of complete system. 
There is abundance of literature on networks and analytics. The prominence of network related 
studies can be rightly attributed to the rise of social networks and increase in connectivity 
pattern concerning our lives. Besides the advancements on technological front and social 
connectivity, the network analysis was commonly used in sciences and other fields.  Historically 
network analytics and centrality measures can be attributed to Freeman (1979) for his 
theoretical grounding in social network analysis. 
Modern theory of networks and relevant application in different areas of research are part of 
Newman (2010). The recent advancement in statistical analysis also changed the dimensions of 
networks analysis. Barabasi (2002) and Bollobas (2013) discuss the developments in statistical 
analysis related to networks and mathematical foundations of modern graph theory. Kolaczyk & 
Csardi’s (2014) work is related to advanced concepts of analysis and visualization of networks.  
Network in economics and finance are not new either, the theoretical foundation, structure and 
process of evolution are part of many studies including Garlaschelli & Loffredo (2005) and 
Goyal (2007). The general connection of technology and geography for trade links is explored by 
Eaton & kortum (2002). The application of network analysis related to world trade, connectivity 
patterns, structural changes, mapping process can be found in several studies including 
Bhattacharya et al., (2008), Bernard et al., (2007), De Benedictis & Tajoli (2010), and De 
Benedictis & Tajoli (2011). 
The studies on banking and investment network are related to changes in network due to 
external or internal events. The focus remains on certain characteristics of network, such as 
fragility, possibility of contagion, flow of liquidity, and default probabilities for weaker nodes. 
Hakeem & Suzuki (2016a) focused on bilateral aggregate banking network to find the possibility 
of contagion within Eurozone network. Kalyagin et al.,(2014) discussed network structure 
uncertainty for different markets with respect to centrality measures. They used different types 
of network structures to understand the resultant changes in centralities in case of crisis 
situation.     
Different types of economic and financial networks include mainly trade, investment, banking, 
and capital market networks besides many others. These networks are different with respect to 
basic structure and connectivity patterns. Hakeem & Suzuki (2015) focused on dissimilarity 
between trade and investment networks to adopt the appropriate measures for better analysis 
Tracking the changes within network over certain time span is relatively new concept. We used 
the method based on modern graph theory to statistically analyze the networks and inner 
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changes for certain time period. The similar measures or analytics if used at aggregate level can 
enhance our understanding related to aggregate transformation process for specific time period. 
Besides abundance of network related research there is scarcity of studies on this particular 
aspect of financial and trade networks. We believe the exploration of this aspect can be helpful 
for future researchers and policy makers at micro or macro levels.         
4.1.3 Outline 
The chapter is organized as follows. In section 4.2, we explain the theoretical background for 
aggregate analysis financial and trade networks. The measures used to track the changes within 
networks, visualization techniques for network analysis, network types, data sources and 
construction techniques are part of it. In section 4.3, we would explore the investment network 
and changes due to external or internal settings. In Section 4.4 and 4.5, we would discuss trade 
and bilateral aggregate banking networks respectively. Both sections contain the detailed 
discussion on changes, possible explanation for variations and implication afterwards.  
4.2 Theoretical Background 
4.2.1 Tracking Changes for Aggregate Networks 
The distinct characteristics of aggregate networks are explored by using multiple aggregate 
centrality and relevant measures at macro level. Degree and related weights, closeness 
centrality, clustering coefficient, modularity, path length and average weights for every country 
are examined for complete networks. The final network analytics reveals the insights to track 
the changes for related to nodes and edges for particular time period. Steps of analytical process 
are as follows. 
1. Analysis of aggregate characteristics of investment trade and banking networks by using 
centrality and relevant measures. 
2. Comparative analysis by graphical representation of cumulative analytical measures to 
understand the transition process     
3. Visualization of aggregate graphs for different time periods to understand the 
comprehensive transformation process 
Following network measures were used for analysis.    
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Degree Centrality    
The simplest and earliest centrality measure in a network is the degree of a node, the number of 
edges connected to it. In directed networks nodes have both an in-degree and an out-degree, 
and both may be effective if used in the appropriate circumstances. Although degree centrality 
is a simple centrality measure, it can be very insightful. In a financial network, for instance, the 
financial institution or a node connected to all other nodes can have much more influence on 
other nodes as well as the resilience of whole network. The standardized degree centrality of a 
node is its degree divided by the maximum possible degree. 




Degree centrality is calculated by using the Freeman’s (1979) general formula for centralization. 
Aggregate degree centrality for the whole network is 
 
𝐶𝑑 =
∑ |𝑐𝑖𝑑 − 𝑐𝑖𝑑 ∗ |𝑛𝑖=1
(𝑛 − 2)(𝑛 − 1)
 (4.2) 
Where degree centrality “Cd” is calculated by using the maximum value, while n represents the 
number of nodes within that particular network.  The higher the number of nodes the higher 
degree centrality it can have. The degree centralization of any regular node is 0, while star has 
degree centralization of 1. 
For a node the number of edges ends with it as known as in-degree and number of edges 
originating from it is known as out-degree. The node with no in-degree but all out degrees is 
known as “source” and the one with all in-degrees but no out-degree is called “sink”. A balanced 
directed graph has equal number of in and out degrees.  
Path Length and Strength 
The path length of a network can be defined as the average shortest path length between two 
nodes. 






And 𝑑𝑖𝑗 represents the shortest path between node i and j. 
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The weights of connection or edges between nodes are represented by matrix, 𝑀 =  {𝑤𝑖𝑗}. The 
weight is zero if there is no edge between two nodes, and there is no loop within network which 
can be defined as { 𝑤𝑖𝑖 = 0 }. 
To compare different kinds of weights for different nodes and edges we need normalization of 




A node degree for weighted node would be 𝑘𝑖 , 
 𝑘𝑖 =  ∑ 𝑤𝑖𝑗
𝑖,𝑗∈𝑀
 (4.5) 
The number of edges connected directly to a particular node can be extended directly to 
strength of a node, which is the sum of the weights of all links attached to that node. 




Betweenness Centrality is another different centrality concept; it measures the extent to which a 
node lies on path between other nodes. It quantifies the number of times a node act as a bridge 
along the geodesic path between two other nodes. To understand the concept we need to look at 
the financial or trade network. In financial network there is a flow of money or liquidity and in 
trade network there is a flow of goods between two or more nodes. If the flow of goods or 
money needs to pass through specific node to reach their destination then that particular node 
has enormous power to influence the counter parties. There can be several ways to reach 
destination but geodesic paths are designed to be efficient and cost effective. So nodes lying on 
that path have higher betweenness centrality and influence on the whole network. A bank or 
investment firm with higher betweenness centrality must be stable and strong for the network’s 
resilience. 
The idea of betweenness is presented by Freeman (1977), although he mentioned some 
unpublished works by other authors on this particular issue. Mathematically, we can express 
the betweenness for a general network by )(ig jk  to be the number of geodesic paths from j to k 
that pass through i. And we define jkg  to be the total number of geodesic paths from j to k. 
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Then the betweenness centrality of node i is 
 




Aggregate betweenness centrality can be calculated by using the following equation,  
 








[(𝑛 − 1)(𝑛 − 2)/2]
 (4.9) 
Where n is the total number of nodes within network. 
Clustering Coefficient  
The clustering coefficient is the degree by which nodes tends to make groups or clusters 
together. The clustering of nodes having similar connectivity patterns or others characteristics 
is evident in network analysis. There are two ways to measure the clustering of nodes in 
particular networks. 
1. Global Clustering Coefficient  
2. Local Clustering Coefficient    
This first type “Global Clustering Coefficient” is based on trio of nodes. The trio is combination of 
three nodes connected to each other. The clustering coefficient measures the density of 








In a random network of connections between nodes and edges,  𝑘2 and 𝑘 has fixed or finite 
values the quantity becomes small as 𝑛 →  ∞, so the clustering coefficient can be small as size of 
network grows. But in reality it can be very different depending on network type and size. 
The aggregate clustering coefficient is proposed by Watts & Strogatz, (1998) and can be 
calculated by taking the mean of local clustering coefficient of each node. 














While 𝑒𝑗𝑘 is the path from i to j, and 𝑘𝑖 are the number of neighbors of a node.  We can also 










Density of a graph represents the proportion of edges compared to number of nodes. A dense 







Where E corresponds to number of edges and V shows the number of nodes within single 
particular network.  
Modularity 
Network modularity is about the connectivity within clusters or groups of a network. High 
modularity explains the stronger connectivity within groups which can also be referred as 
modules. The connectivity of nodes with modules with other and outer nodes is not strong 
rather sparse. It is often used to find the community structures or large clusters within network. 











Where 𝑀𝑖𝑗 represents the adjacency and weighted matrix, 𝑚 contains all edges such that the 
network is divided into 2 communities known as 𝑐𝑖 𝑎𝑛𝑑 𝑐𝑗 . 𝑘𝑖 𝑎𝑛𝑑 𝑘𝑗 corresponds to the degree 
of each individual node. Modularity is then defined as friction of edges that falls within 𝑐𝑖 𝑎𝑛𝑑 𝑐𝑗. 
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4.2.2 Properties of Data Sets 
We used three different datasets to analyze the transformation process within networks. Our 
data sets are aggregate bilateral obligations, investments or exports measured in US dollars.  
1. Trade Network 
2. Investment network 
3. Banking network 
Trade networks are aggregate exports of individual country within whole network. The figures 
are reported by exporting countries and measured in US dollars. The aggregate trade data is 
taken from Direction of Trade Statistics (DOTS) compiled by International Monetary Fund (IMF). 
The data used in Trade Networks corresponds to 11 years spanning around 2004-2014. The 
network is composition of 31 countries. 28 countries belong to EU and remaining 3 countries 
are world’s largest economics, namely United States, China and Japan.   
The Investment networks are taken from Coordinated Portfolio Investment Survey (CPIS) 
complied by IMF. CPIS data corresponds to aggregate portfolio investments in capital markets 
by foreign individuals, corporation, hedge funds, investment banks or other investment vehicles. 
The aggregate amount is reported by precipitant country to IMF on quarterly basis. Our 
Investment or CPIS networks cover the time period of 14 years from 2001 to 2014. The 
reported amounts are in US dollars. The investment network is combination of 26 countries, 
mainly European Union partners and other large investment hubs such as United Stated and 
Japan.          
The last type of network used to understand the transformations is banking network. These 
networks are based on bilateral obligations of interbank market of Eurozone and other 
European Union countries. The data used for this particular type of network is not a time series 
like pervious two types of datasets rather bilateral matrices for 2 years, 2007 and 2011. The 
selection of these years is based on the fact that Global Financial Crisis (GFC) started around 
year 2007 and by the end of 2010 markets started showing signs of slight recovery.  So this 
network focuses on one particular event to understand the resultant transformation process. 
The data of bilateral obligations is taken from multiple sources such as Bank of International 
Settlements (BIS), European Banking Federation (EBF) and Eurostat. The final matrix is based 
on our calculations and shown in US dollars. Aggregate bilateral matrices of 14 countries were 
used to construct the under consideration network of banking obligations. These countries are 
part of Eurozone and other large economies of Europe Union. By using the centrality measures 
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we would track the transformation process within our networks.  Please check appendix 2 for 
detailed information about countries and their inclusion in different networks.  
4.3 Investment Networks 
In our analysis of investment network we used the data of Coordinated Portfolio Investment 
Survey (CPIS) compiled and published regularly by IMF. The same data set is widely used in 
literature for network or non-network analysis related to global portfolio investment patterns. 
The CPIS data is aggregate amount received by single country or invested in one country by 
foreign individuals, corporations and investment agencies or other vehicles in equity markets. 
We used data from 2001 to 2014, total number of 14 years. The timespan selected is interesting 
as we have seen huge ups and downs within this decade as we can easily call it a decade of 
change. There was Global Financial Crisis (GFC) impacting housing, equity and debt markets 
directly, initiating around late 2007. Europe also faced a daunting rather tough debt crisis 
starting after GFC. The debt crisis compressed weak European economies and had severe 
impacts on bilateral relations within European Union. The resultant austerity measures 
impacted millions of households in effected countries by increasing direct and indirect taxes, 
reducing employment opportunities and hampering growth and development.   
 
Figure 4.1: Trend Line of Weighted Degree with respect to Average Degree 
The total number of countries used for Network Analysis (NA) rather tracking or mapping of 
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Figure 4.2: Graph Density (a) and percentage change in graph density over the years (b) for CPIS 
Network 
United States and Japan are included as major portfolio investment origins and destinations. 
The resultant analytical measures are presented in Table 4.1. The number of centrality and 
other analytical measures depicts increasing patterns within portfolio investments around the 
globe. Cumulative Portfolio Investment or overall total volume is increasing - though with not 
same or increasing percentage – but the trend line persists. The resultant network measures 
would be discussed specifically. Figure 4.1 to 4.4 represent the network analytics in a more 
understandable and easy way. One can simply notice the relation rather positive correlation 
between two different resultant measures. The correlations include the trends of average 
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inverse relationship of average degree and average path length, and slight linkages of increase 
in number of edges with constant nodes were explored. The unification of modularity, graph 
density and average clustering coefficient also represent a curious case of network 
transformation within decade of change.  
Figure 4.3: Average Clustering Coefficient (a) and Percentage in clustering coefficient (b) over the 
years for CPIS Network 
If we look at detailed explanation of analytical measures presented in table 4.1, which are used 
to explain the network transformation process, one can easily identify the enhancement and 
increase in volume of overall network. The total investment tends to increase as explained by 
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same for the whole analysis, 26,  but one can witness increase in number of edges year on year 
basis. The total number of edges are 605 in 2014 as compared to 527 in 2001, in other words 
there are 78 more edges in 2014 for the same number of nodes as shown in table 4.1. The 
implications for increase in number of edges are not few and independent. One possible view 
would be spread of total volume on the whole network rather concentration on few nodes. But if 
we look at Figure 4.1 which explains the trends of average degree and average weighted degree 
we can see the dips in 2008 due to global financial crisis and recovery afterwards. The 
expansion of network is not limited to few nodes but countries are connecting with different 
nodes to diversify the total investments and volume. 
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The increasing pattern of graph density and clustering coefficient while reduction in modularity 
corresponds to unification of the whole network, as the graphical representation of these 
variables shows in figures 4.2, 4.3 and 4.4. Another important aspect to look upon is the inverse 
relation of graph density, average path length and average degree of whole network. There is a 
perfectively negative correlation between average degree and average path length. By looking at 
these numbers and figures we get the idea about transformation process. There are certain 
increasing trends such as, degree, weighted degree, density and number of edges while on the 
other hand there are few decreasing trends such as clustering coefficient, modularity and 
average path length. So this explains our idea of graph expansion without much concentration.          
But what if we have to confirm about each node and the changes it had to undergo during the 
transformation process. By using centrality and betweenness measures we can look at every 
node individually. To understand the cumulative process of change we have to visualize the 
network to capture each and every node’s individual behavior. Figure 4.5 (a) and (b) represent 
the CPIS investment networks for the years 2001, 2005, 2010 and 2014. The process can be 
extended and prolonged by using annual, semiannual or quarterly networks. We used 
semiannual networks for these 14 years to understand the changes, so total 28 networks were 
generated to make a dynamic graph which explained the changes in much understandable way. 
The European Union is investing more and more within itself, besides the largest investment 
attractor US.  
The dynamic graphs explained the transition of European countries form small investment 
destinations to large ones, especially for Germany, France, Luxemburg and Netherlands. The 
volume and connections for these countries were limited at start but getting bigger and 
stronger with the passage of time. One can explain this due to introduction of single currency 
and other integration measures by European Union. Another important reason behind this local 
and logical shift in concentration can be the global financial crisis, as US and other international 
market started facing the heat of crisis the investors moved to more reliable and stable places, 
rather tried to find domestic markets at EU level. The resultant network is more diverse, 
scattered with more central nodes compared to initial one with higher clustering. The statistics, 
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 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 
Avg. Degree 20.269 20.731 21.538 22.000 22.769 22.731 23.192 22.808 22.846 23.115 23.192 23.538 23.346 23.269 
Graph Density 0.811 0.829 0.862 0.880 0.911 0.909 0.928 0.912 0.914 0.925 0.928 0.942 0.934 0.931 
Avg. W. Degree 1 286970 317729 436858 536967 581512 742320 838300 668531 796221 794197 752579 830969 934547 947051 
Avg. W. Degree 2 286.97 317.73 436.86 536.97 581.51 742.32 838.30 668.53 796.22 794.20 752.58 830.97 934.55 947.05 
Nodes 26 26 26 26 26 26 26 26 26 26 26 26 26 26 
Edges 527 539 560 572 592 591 603 593 594 601 603 612 607 605 
Avg. Path length 1.1892 1.1707 1.1384 1.12 1.0892 1.0907 1.0723 1.0876 1.0861 1.0753 1.0723 1.0584 1.0661 1.0692 
Between. 
Centrality 3 4 3 5 4 8 9 10 10 11 8 10 8 7 
W. Degree 
Countries 3 3 3 2 3 3 2 4 6 6 6 5 5 5 
Modularity 0.154 0.166 0.153 0.15 0.149 0.124 0.134 0.144 0.146 0.160 0.160 0.155 0.150 0.145 
Avg. Clu. 
Coefficient 0.869 0.858 0.878 0.901 0.922 0.921 0.936 0.923 0.920 0.929 0.931 0.944 0.937 0.938 
Table 4.1: Coordinated Portfolio Investment Survey (CPIS) Resultant Network Measures (Source: International Monetary Fund, 2015) 
Avg: Average, W: Weighted, Between: Betweenness, Clu: Clustering, Avg. Weighted Degree 1: Amount in Millions of USD, Avg. Weighted Degree 2: Amount 






















Figure 4.5(a): Investment Network for the year 2001(a) and 2005(b)  
 (Source: Coordinated Portfolio Investment Survey, International Monetary Fund 2015) 
Lowest Value          to          Highest Value 
(a) 
(b) 

















Figure 4.5(b): Investment Network for the year 2010(c) and 2014(d)  
 (Source: Coordinated Portfolio Investment Survey, International Monetary Fund 2015)
Lowest Value          to          Highest Value 
(c) 
(d) 
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We can summaries the transition outcomes related to investment network as follows,  
1. The volume and density of whole network is increasing with the passage of time. 
2. The network is stronger and resilient compared to initial one due to scattered investment 
and increase in central nodes. 
3. Global financial crisis impacted the investment patterns of this network initially, but more 
domestic inflows resisted the prolonged depression of markets. 
4. There is a shift in investment behavior of EU investors, as there are more inflow towards 
domestic markets such as Germany, France and Luxemburg. 
5. EU countries are attracting more investment due to monetary union status and relaxed 
laws for cross border investment.   
4.4 Trade Networks 
Trade Networks are built on Directions of Trade Statistics (DOTS) database compiled and 
published by International Monetary Fund (IMF). The data is available on quarter, semiannual 
and annual basis. We used annual statistics for the time span of 11 years ranging from 2004 to 
2014. The database is relatively new as it caters the needs of network analysis by providing 
bilateral matrices for reporting countries. Though, simple trade data is available for much 
longer timespans and used widely in literature.          
The trade network is composed of 31 countries which include 28 European and 3 non-European 
major trading partners namely United States, Japan and China. The selection of this particular 
time span or “Decade of Change” involves the reason of comparative analysis to understand the 
changes in Trade Network while Investment or other networks are facing expansion, 
enhancement of volumes, and diversification in markets. Trade is supposed to be effected at 
larger extent as drop in global demand or a short period of recession can have severe impacts 
on trade of particular country.  
The analysis of transition process within European Union’s Trade Network (EUTN) can explain 
the following,  
1. Changes in flow of goods among EU countries and their major trading partners.    
2. Impact of Global Financial Crisis and Eurozone Debt Crisis on local trade. 
3. Changes in graph structure of EU trade network. 
4. Centrality measures for individual countries and change in position with the passage of 
time 
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The resultant measures for EUTN are shown in Table 4.2. The important difference between 
trade network and investment network analytics is the graph properties. The trade network is a 
complete graph which can be reduced but is not able to enhance or extend its linkages. Being a 
complete graph there are huge limitations in getting the proper inference from available 
statistics and resultant measures.  
Number of nodes remains 31 throughout our analysis, same goes for the edges, the number 
stood at 930, as shown in figure 4.8. Interestingly there isn’t a slight change in number of edges 
while network and markets faced huge turmoil because of global financial crisis and Eurozone 
debt crisis. The result depicts that trade connections are really strong, once established it would 
be very difficult to eliminate or ignore its existence. The average degree of 30 explains that 
every single node is connected with all other nodes within this network. As the graph is fully 
connected so we can expect it to have perfect density of 1.   
Same goes for average path length and average clustering coefficient, the graph always tend to 
reach the numerical value of 1, as shown in measures table. The only available and changing 
number is weighted degree between nodes. This explains the changes in value of trade among 
countries. The trend line reveals the similar pattern we witnessed in investment graph, and as 
expected. The value of trade witnessed a shock after global financial crisis, and later due to 
Eurozone debt crisis as shown in figure 4.7. The total trade volumes are recovering even in 
recent years, by touching the pre-crisis figures.  
One can confirm the lagging effect in reduction in trade volumes compared to reduction in 
investment volumes. The trade volume witnessed a dip in total value after the year 2008, 
whereas investments were down after year 2007. The gap explains the behavior of world’s 
trade compared to international investments.      
As the graph modularity is approaching the higher levels, percentage change in weighted degree 
(figure 4.6) can explain the both dips in total value of trade with respects to financial and 
economic shocks faces by EU at that time. The difference in percentage of weighted degree is 
critical to understand the trade patterns with EU during that particular time period.  
As we have realized the limits of centrality and other measures to explain the characteristics of 
a complete graph structure, especially the small and complete graphs. Now we should focus on 
visualization techniques to understand the possible explanation of changes and mapping that 
properly. The direction of Trade Statistics (DOTS) data base is updates by IMF on quarterly 
basis, so one can analyze 4 networks for a single year. We used the similar pattern for the 
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concerned 11 years and got 44 networks representing a dynamic graph for this time period. The 
initial and final annual networks are shown in figure 4.9 for year 2004 and 2014 respectively. 
The dynamic graph and visualization process reveals much more information compared to 
aggregate statistics of trade network. The initial network in 2004 was complete indeed, but bit 
smaller in flow size and connections. If we consider individual nodes then most important and 
visible change is the rise of China as major trading player within this trade network. But 
interestingly increase in China’s flow and connection strength is related with US and Japan 
rather EU. Germany maintained its prominent position as largest exporter within EU, during 
this span. It explains the benefits of open border policies and common tariff regimes.  
Another important observation is reduction in central nodes recently compared to initial 
network as shown in visualized networks. The reduction in central nodes refers to changing or 
shifting behavior within trade network. The important nodes of the past are losing out due to 
strong competition. As the initial network reveal the number of large nodes more then 10, 
whereas at later stage there are fewer large nodes comparatively. The underlying reason for 
this change can explain the changing dynamics of whole EU trade network. The scope of our 
research is limited to mapping and tracking the change rather finding the underlying reasons, so 
we would stick to relevant observations. The process explains the important changing within 
EU trade network. 
 
Figure 4.6: Average Degree and Average Weighted Degree of Trade Network 
Local concentration of flows is important finding for this network. The countries are 
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same throughout the time period considered for this analysis. Following are the important 
findings for EU’s trade network, 
 
 
Figure 4.7: Average weighted degree (a) and Percentage change in average weighted degree (b) of 
Trade Network 
1. The volume and density of whole network increased initially, and faced dips due to 
extended recession and financial crisis. 
2. The network is stronger in terms of total volume compared to initial one due to domestic 
focus. 
3. Global financial crisis impacted the trade patterns of this network after impacting the 
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4. Total trade volumes remain depressed for prolonged time period due to multiple crises at 
international and domestic fronts. 
EU countries are trading much more within compared to outside connections, cumulative trade 
and investment policy can be the factors for strong local linkages.     
5.4.1 Dynamic Graphs and Nodes of Trade Network 
One important way to anticipate the behavior of important nodes is to understand the changing 
centrality measures for those nodes, as the changing position explains the dynamics in a better 
way. We used total number of 44 graphs to build dynamic network to understand the 
transformations. Dynamic graphs cannot be presented in figures because of associated 
movements. To understand this concept we should use the example of video clip. A dynamic 
graph is just like a small video which can be described by its contents but cannot be printed 
without using huge amount of resources. The reason we are unable to provide that in this 
chapter.  
Figure 4.10 represent the 4 frames of our dynamic graph, from 2004 to 2014. These frames can 
provide the better perspective about changing dynamics of whole graphs. We are using these 
frames without edges for enhanced concentration on nodes and variations. The frames from “a” 
to “d” explains the changes with respect to individual nodes with the passage of time.  
 
Figure 4.8: Number of Nodes and Edges in Trade Network 
First we have to understand the color zones. The zones, green and pink defined in the figure 
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individual node or economy. The starting point is pink zone, from darker shade to lighter shade, 
explains the increase in node size and volume of trade. The reason darker nodes are smaller 
ones. On the other hand green zone is all about the higher value of trade and node size. While 
the nodes between pink and green zones are in-between both and, are represented without pink 
or green colors.          
By looking at France one can realize that the node is entering the pink zone in the last frame 
while leaving the green zone it had initially. While Italy, Spain and Japan keep their position in 
mid pink zone besides little contractions in node size. China represents an interesting case of 
strong growth, by crossing the boundary of green zone and increasing its size enormously.    
The statements or observations should be analyzed by keeping the whole network in mind. It 
means the one node is losing part of its trade value or increasing it with the passage of time. The 
network can help us to realize that while total network is increasing in terms of volume with 
stronger connections why few countries are facing the issues, or whom they are losing out their 
share. The visualization techniques and dynamic graphs are the answers to this complex 
situation. We can get the idea about whole network, the transition of gainers and losers, besides 
understanding the bigger picture. Without network if one has to analyses the change in market 
share of single node, the possibilities are infinite. Here we track down the major possibilities, 
competition within market and changes among other nodes within broader perspective to 
understand the transformation of individual node.          
4.5 Banking Network 
Our Banking Network (BN) is built on aggregate bilateral obligations of banking sectors of 
Eurozone economies. There is no single database related to bilateral obligations of financial 
institutions, so matrices are compiled by using the data from bank of international settlements 
(BIS), European Banking Federation (EBF) and Eurostat. The final bilateral matrices are 
calculated by combining the relevant data from available databases. Some formats of data are 
available on quarter, semiannual and annual basis. We used annual statistics for the 2 years, 
2007 and 2011, to understand the before and after effect of global financial crisis on banking 
sectors of Eurozone and relevant economies.     
The banking network is composed of 14 countries, 11 are part of Eurozone, 2 are part of 
European Union and Switzerland as member of Schengen agreement. Though total numbers of 
Eurozone countries are 19 as per the current statistics, but our sample caters 95% of banking 
capital and assets of Eurozone as explained in Hakeem and Suzuki (2016). 
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Table 4.2: European Union Plus Trade Network, Resultant Network Measures (Source: International Monetary Fund, 2015) 






 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 
Avg. Degree 29.90 29.96 30 30 30 30 30 30 30 30 30 
Graph Density 0.99 0.99 1 1 1 1 1 1 1 1 1 
Avg. W. Degree 12390.98934 13489.41872 15372.02777 17718.74891 19395.03929 15158.27291 17338.58653 19981.43774 19103.90229 19521.47191 20325.6291 
Percentage Change  8.864743138 13.95619104 15.26617813 9.460545966 -21.8445877 14.38365455 15.24259902 -4.39175333 2.18578181 4.11934711 
Nodes 31 31 31 31 31 31 31 31 31 31 31 
Edges 927 929 930 930 930 930 930 930 930 930 930 
Avg. Path length 1 1 1 1 1 1 1 1 1 1 1 
Modularity 0.171 0.177 0.180 0.172 0.169 0.177 0.184 0.184 0.193 0.194 0.191 
Avg. Clu. Coefficient 1 1 1 1 1 1 1 1 1 1 1 


















Figure 4.9: Trade Network for the year 2004(a) and 2014(b) (Source: Direction for Trade Statistics, International Monetary Fund 2015) 
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Figure 4.10: Comparative Trade Networks without edges, (a), (b), (c), (d), represent year 2004, 
2007, 2010 and 2014 respectively. The size of nodes represents the largest total net value of 
trade compared to whole graph. The larger nodes represent higher value and vice versa. The 
colour scheme also highlights the net traded value. (Direction of Trade Statistics, International 
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The analysis of transition process within Eurozone plus banking Network can explain the 
following,  
1. Changes in liquidity flow among Eurozone and relevant countries.    
2. Impact of Global Financial Crisis on Aggregate Banking Sectors. 
3. Gradual changes in structure of Banking Network 
4. Centrality measures for individual countries and change in position with the passage of 
time 
The resultant measures for Banking Network are shown in Table 4.3. Interestingly the banking 
network depicts the properties of complete graph similar to trade network. So just like other 
complete graphs it can be reduced but extension is something beyond reach. Being a complete 
graph there are limitations in getting the proper inference from available statistics and resultant 
measures. Having constant number of nodes and edges there is not much drastic changes in 
structure, in broader perspective. 
The interesting phenomenon is related with weighted degree, compression of both graphs 
reveals that there is a huge decrease of 26% in total volumes of bilateral banking obligations. 
That is really huge and shows the big dent of global financial crisis. Figure 4.11 shows both 
visualized graphs corresponding to year 2007 and 2011. The curve shape graphs represent 
2007 while directed graph explains the connections of 2011’s bilateral market. Though the 
graph is not that big but still having 180 edges among 14 nodes makes it complex enough to use 
other statistics besides visualization techniques.  
 2007 2011 
Avg. Degree 12.854 12.929 
Graph Density 0.989 0.995 
Avg. Weighted Degree 748084.841 552346.6 
Percentage - -26.17 
Nodes 14 14 
Edges 180 181 
Average Path length 1.011 1.005 
Modularity 0.074 0.094 
Average Clustering 
Coefficient 0.989 0.995 
Table 4.3: Eurozone Plus Banking Network, Resultant Network Measures 
Avg: Average, W: Weighted, Clu: Clustering, Avg. Weighted Degree: Amount in Millions of USD, 
Percentage: Percentage Change in Total Value 
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4.5.1 Finding the Weak nodes using Network Measures 
As network measures gave an aggregate picture of whole network, and one can understand the 
changes in broader perspective. But after realizing that there is strong change underlying within 
whole system, we should dig deep to find the causes and consequences. Network analysis is the 
best tool for this particular purpose, as it would explain the every structural change with better 
reason, compared to statistical analysis.      
To understand the micro level changes we looked deeper within our networks, figure 4.12 
shows the reduced and comparative networks for both years. These networks correspond to 
year 2007 and 2011 respectively. The reason for these amazingly reduced networks lies with 
elimination of smaller edges between nodes. The broader picture explains the minimal change 
rather increase of one edge between same nodes for both years. Liquidity among nodes is 
pointing towards feeble rather stronger connections among nodes. 
We eliminated the edges with values lower than six digits, and resultant reduced networks are 
shown in figure 4.11. The elimination of smaller edges represents a much smaller network for 
2011 compared to 2007. There are total 64 edges between same nodes earlier which are 
reduced to 50 at later stage. This explains the liquidity reduction within banking network. The 
countries that were connected strongly earlier just moved out and facing the liquidity crunch. 
Being more specific we need to know the countries and their connection patterns. Table 4.4 and 
4.5 explain the changes relevant to every country during this transition period. There is almost 
one degree reduction for major countries such as Germany, France and UK, while few countries 
are just eliminated in the second phase of our network. Initially during 2007, 10 countries out of 
14 had stronger connection with six digit volumes, Finland, Greece, Portugal and Sweden didn’t 
had a single connection touching the set limits. Implications for their smaller exposures were 
not that severe for the rest of the network, if there is a case of resultant contagion after credit 
shock. After crisis network shows the inclusion of few nodes such as linkage between Sweden 
and Finland. The enhanced link shows the assistance of possibly frail nodes and clustering with 
similarities.    
The case of each country can be discussed as network analytics are strong enough to explain the 
relevant changes for every node. We would look into the case of one node to get better 
perspective. 
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4.5.2 The case of Belgium 
Belgium represents an interesting case of diversification, rather fragility with respect to single 
node. Before financial crisis Belgium was a mid-size node with bilateral assets in UK, 
Netherlands and France. It had bilateral liabilities with Netherlands as well. The country was a 
net assets holder in different international banking institutions. The crisis reshaped the market 
and by 2011 Belgium liquidated or removed all of assets from its partners and having only 
inflows, or bilateral liabilities.         
Country In-Degree Out-Degree Weighted In-Degree Weighted Out-Degree 
United Kingdom 7 5 2628595 939239 
Germany 5 7 1104673 1962948 
Spain 4 1 665435 339914 
France 4 5 834999 1271752 
Netherlands 4 6 675832 1140502 
Italy 3 2 752708 480071 
Austria 2 0 213461 0 
Ireland 2 1 357622 220996 
Belgium 1 3 139619 557889 
Switzerland 0 2 0 459633 
Finland 0 0 0 0 
Greece 0 0 0 0 
Portugal 0 0 0 0 
Sweden 0 0 0 0 
Table 4.4: Eurozone Plus Banking Network, Resultant Network Measures for the year 2007 
Country In-Degree Out-Degree Weighted In-Degree Weighted Out-Degree 
United Kingdom 6 4 1640534 778401 
Germany 4 6 895407 1292846 
Netherlands 3 3 440781 419735 
Belgium 2 0 345907 0 
Spain 2 1 304623 414171 
France 2 6 498874 1382737 
Ireland 2 1 243153 150855 
Italy 2 2 534171 362502 
Austria 1 0 106426 0 
Finland 1 0 141657 0 
Switzerland 0 1 0 208629 
Greece 0 0 0 0 
Portugal 0 0 0 0 
Sweden 0 1 0 141657 
Table 4.5: Eurozone Plus Banking Network, Resultant Network Measures for the year 2011 
These bilateral liabilities corresponded to the same partners such as Netherlands and France.  
But the net effect is reverse. Now the country is receiving much more liquidity without any 
outflows. Table 4.6 shows the details of transformed six digit connections. We can rule out the 
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possibility of Belgium as safe haven in hard times due to the fact that country is unable to spare 
extra liquidity during credit crunch, and terminated the outflows. This also explains the severity 
and impact of global financial crisis on Eurozone and EU banking network.    
2007 2011 
S. No. Source Target Volume S. No. Source Target Volume 
1 Belgium Netherlands 235341 1 France Italy 382839 
2 Belgium UK 188538 2 France UK 255576 
3 Belgium France 134010 3 France Germany 249609 
4 France UK 393881 4 France Belgium 227131 
5 France Italy 383022 5 France Spain 139052 
6 France Germany 205853 6 France Netherlands 128530 
7 France Spain 153461 7 Germany UK 499915 
8 France Netherlands 135535 8 Germany France 205484 
9 Germany UK 802277 9 Germany Spain 165571 
10 Germany Spain 267457 10 Germany Netherlands 164561 
11 Germany France 231787 11 Germany Italy 151332 
12 Germany Italy 228493 12 Germany Ireland 105983 
13 Germany Ireland 167282 13 Ireland UK 150855 
14 Germany Netherlands 164323 14 Italy Germany 256076 
15 Germany Austria 101329 15 Italy Austria 106426 
16 Ireland UK 220996 16 Netherlands Germany 189571 
17 Italy Germany 367939 17 Netherlands Belgium 118776 
18 Italy Austria 112132 18 Netherlands UK 111388 
19 Netherlands UK 362872 19 Spain UK 414171 
20 Netherlands Germany 192383 20 Sweden Finland 141657 
21 Netherlands France 183758 21 Switzerland UK 208629 
22 Netherlands Italy 141193 22 UK France 293390 
23 Netherlands Belgium 139619 23 UK Germany 200151 
24 Netherlands Spain 120677 24 UK Netherlands 147690 
25 Spain UK 339914 25 UK Ireland 137170 
26 Switzerland UK 320117     
27 Switzerland Germany 139516     
28 UK France 285444     
29 UK Germany 198982     
30 UK Ireland 190340     
31 UK Netherlands 140633     
32 UK Spain 123840     























Figure 4.11: Comparative Aggregate Banking Network, (a), (b), represent 
year 2007 and 2011 respectively. The size of nodes represents the largest 
total value of bilateral assets and liabilities compared to whole graph. The 
larger nodes represent higher value and vice versa. The colour scheme also 
highlights the increase in total liquidity flow. 
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Figure 4.12: Reduced* Comparative Aggregate Banking Network, (a), 
(b), represent year 2007 and 2011 respectively. The size of nodes 
represents the largest total value of bilateral assets and liabilities 
compared to whole graph. The larger nodes represent higher value 
and vice versa. The colour scheme also highlights the increase in total 
liquidity flow. *(Edges representing large flows stating from six digits 
only) 
  












Portfolio! investment! is! one! of! the!major! indicators! of! investor! friendly! and! good! performing!
equity!markets! of! a! single! country.! The! rate! of! return! is! for! sure! the!most! prominent! factor!
behind!investment!decision!but!ease!of!access,!financial!stability!and!lower!level!of!taxation!do!
play!evident!role!in!final!decision!of!investment!managers!regarding!liquidity!flows.!Being!a!part!
of! an! investment! network,! either! week! or! strong,! can! open! up! new! possibilities! to! attract!
foreign!investors!by!making!markets!more!visible!and!investor!friendly.!The!networks!such!as!
European! Union! (EU)! or! Eurozone! are! supposed! to! influence! the! investment! flows! for! any!




flows! for! any! particular! country.! The! objective! of! this! study! is! to! analyze! the! connectivity!







but! would! reflect! on! different! possibilities.! To! understand! these! phenomena! we! used!
investment! network! of! Europe! Union! with! focus! on! individualistic! characteristics! of! nodes.!
Based!on!criteria!concerning!closeness!and!connectivity!nodes!were!divided!into!different!Tiers.!
At! least!one!node!from!every!Tier!was!selected!to!build!correlation!matrix!based!on!networks!
measures! and! relevant! economic! indicators! to! understand! the! relationship! between! network!
position,!economic!stability!and!attractiveness!for!investors.!!!!!!!





varies! accordingly.! Some! nodes! have! central! position! with! higher! connectivity! levels!
compared!to!other!nodes.!
2. The!countries!can!be!divided!into!different!groups!or!tires!based!on!the!resultant!centrality!





can! find! correlation! patterns! with! their! economic! indicators.! These! correlations! are! not!
causal! rather! shows! the! existence! of! relationship.! The! general! conclusion! should! include!
this! trend.!The!more!central!a!country! is,! there!more!relationships!or!correlations!can!be!
found.! It! can! also! have! implications! for! countries!with! less! connectivity! to! improve! their!
network!position!and!capture!more!economic!benefits.!!!
4. The!conclusion!on!representative!country!of!tier!2!can!be!generalized!for!whole!group!due!
to! economic! similarities! and! prevailing! circumstances.! These! nodes! do! not! have! strong!
connectivity!pattern,!so!experience!variations!in!their!position!within!network.!The!links!or!
correlation! between! network! indices! of! Tier! 2! countries! and! economic! indicators! is! not!
high!enough,!due!to!limited!connectivity!and!exposure.!!!!!!!
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5. There! basic! relationship! between! GDP,! Purchasing! Power! Parity! (PPP)! and! centrality!
indices!shows!sign!of!positive!correlation.!There!is!a!connection!inGbetween.!The!conclusion!
for! Tier! 3! can! be! generalized! for! Tier! 3! countries.! Improvements! in! connectivity! and!
network! position! can! increase! or! enhance! the! correlation! patterns.! The! countries! must!
strive! to! connect!with! all! nodes! to! fully! capitalize! the!opportunities! for!market! efficiency!
and!improvements!on!economic!front.!!!!!!





a! continuous! process! of! development,! enhanced! understanding! and! evaluation! of! different!





&! Harvey! (1998)! confirm! the! direct! impact! of! private! equity! investment! on! macroeconomic!




Researchers! such! as! Levine!&! Zervos! (1996)! discussed! the! investment’s! impacts! on! liquidity!
and! implications! for!better!and!broader!market.!The! issues!related!to! improvement!of! foreign!
portfolio! investment!for!any!country!and!its!contribution!towards!more!efficient!stock!market!
and! elimination! of! financial! constraints! for! domestic! corporations! are! discussed! in! detail! by!
Laeven! (2003);! Knill! (2004);! Beck,! et! al.,(2005).! Besides! the! positive! impacts! of! portfolio!
investment!there!are!studies!focusing!on!short!or!long!term!adverse!effects!besides!betterment!
of! capital!markets! and! capital! access.! The!multiplier! effect! for! the! growth! of! capital!markets!
improves!the!liquidity!situation!for!all!investors;!the!capital!flows!are!the!depiction!of!enhanced!
economic!growth!and!activity!and!add!value!towards!wealth!creation!and!distribution.!Efficient!
capital! allocation! is! the! ultimate! point! which! can! help! the! host! economy! to! grow!
multidimensional!and!dynamically.!Rajan!and!Zingales!(1998);!Wurgler!(2000)!and!Love!(2003)!
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contributed! for! better! explanation! of! these! issues.! There! are! studies! focusing! on! economic!
development! of! different! countries! due! to! foreign! portfolio! inflows! such! as! Agarwal! (1997)!




and! economic! impact! there! is! scarcity! of! network! perspective! especially! liquidity! flows! and!
resultant! impacts.! There! are! studies! related! to! network! analysis! of! capital! markets! such! as!
network!analysis!of!Chinese!stock!market!by!Huang,!Zhuang!&!Yao!(2009)!and!few!others.!!!!
The! transformation!process!of! investment!network! is!discussed! in!Hakeem!&!Suzuki! (2016b).!
We! extended! our! analytical! approach! to! evaluate! the! characteristics! of! individual! nodes! to!
establish!the!relationship!between!portfolio!investment!flows!and!economic!indicators.!
5.1.3(Outline(
The! chapter! is! organized! as! follows.! In! section! 5.2,!we! explain! the! theoretical! background! of!
individualistic!analysis! for!nodes!within! investment!network.!The!centrality!measures!used!to!
identify! the! unique! behavior! of! particular! nodes! are! discussed.! The! section! also! contains!
discussion!on!correlation!matrix! formation!process!based!on!network!analytics!and!economic!





The! distinct! characteristics! of! nodes! are! explored! by! using! multiple! centrality! and! relevant!
measures!at!micro!level.!Closeness!centrality,!clustering!coefficient,!inGdegree!and!out!degree!is!
examined!for!every!single!node!to!categories!them!accordingly.!By!using!the!criteria!based!on!









6. Correlation! matrices! based! on! network! analytics! and! macroeconomic! indicators! for!
designated!countries!!
7. Identification! of! correlation! patterns! and! differences! according! to! nodes! and! Tier!
classifications!!!!!!!!!
5.2.1(Centrality(Measures(





edges! connected! to! it.! In!directed!networks!nodes!have!both! an! inGdegree! and!an!outGdegree,!
and!both!may!be!effective!if!used!in!the!appropriate!circumstances.!Although!degree!centrality!
is!a!simple!centrality!measure,!it!can!be!very!insightful.!In!a!financial!network,!for!instance,!the!
financial! institution!or!a!node!connected! to!all!other!nodes!can!have!much!more! influence!on!
other!nodes!as!well!as!the!resilience!of!whole!network.!The!standardized!degree!centrality!of!a!
node!is!its!degree!divided!by!the!maximum!possible!degree.!






! !! = |!!
! − !!! ∗ |!!!!
(! − 2)(! − 1) !
(5.2)!
Where!degree%centrality%“Cd”! is!calculated!by!using!the!maximum!value,!while!n!represents!the!
number!of!nodes!within! that!particular!network.! !The!higher! the!number!of!nodes! the!higher!
degree!centrality!it!can!have.!The!degree!centralization!of!any!regular!node!is!0,!while!star!has!
degree!centralization!of!1.!
For! a! node! the! number! of! edges! ends! with! it! as! known! as! inGdegree! and! number! of! edges!











The!weights!of!connection!or!edges!between!nodes!are!represented!by!matrix,! = ! {!!"}.!The!
weight!is!zero!if!there!is!no!edge!between!two!nodes,!and!there!is!no!loop!within!network!which!







! !! = ! !!"
!,!∈!
! (5.5)!
The! number! of! edges! connected! directly! to! a! particular! node! can! be! extended! directly! to!
strength!of!a!node,!which!is!the!sum!of!the!weights!of!all!links!attached!to!that!node.!





other! nodes.! It! is! the! concept! of! geodesic! path,! G! the! shortest! path! between! two! nodesG.!
Closeness!centrality!has!small!values!for!nodes!that!are!separated!from!others!by!only!a!short!
geodesic! distance! on! average.! Such! nodes! might! have! better! access! to! information! at! other!
nodes!or!more!direct! influence!on!other!nodes.!In!a!financial!network,! for!example,!a!financial!
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institution! with! lower! mean! distance! to! others! might! have! better! access! to! liquidity! and!
important!financial!information.!Closeness!centrality!is!a!very!natural!measure!of!centrality!and!
is! often! used! in! different! types! of! network! studies.! Closeness! is! based! on! the! length! of! the!
average!shortest!path!between!a!vertex!and!all!vertices!in!the!graph!




Where!!!" !represent! the! geodesic! path! between! i! and! j.! Aggregate! centrality! for! the! whole!
network!can!be!defined!as!follows.!
! !! = |!!
! − !!! ∗ |!!!!
(! − 2)(! − 1)(2! − 3)!
(5.8)!
If!!!! ∗!is! the! maximum! closeness! centrality! a! node! attained,! then! the! aggregate! closeness!
centrality! is! the! variation! in! closeness! centrality! of! all! nodes! divided! by! maximum! possible!
closeness!centrality!for!particular!network.!!
Whereas!Normalized!Closeness!Centrality!is,!
! !!!! = !!!!/(! − 1)! (5.9)!
















trade! network! there! is! a! flow! of! goods! between! two! or!more! nodes.! If! the! flow! of! goods! or!
money!needs!to!pass!through!specific!node!to!reach!their!destination!then!that!particular!node!
has! enormous! power! to! influence! the! counter! parties.! There! can! be! several! ways! to! reach!
destination!but!geodesic!paths!are!designed!to!be!efficient!and!cost!effective.!So!nodes!lying!on!
that!path!have!higher!betweenness! centrality! and! influence!on! the!whole!network.!A!bank!or!
investment!firm!with!higher!betweenness!centrality!must!be!stable!and!strong!for!the!network’s!
resilience.!
The! idea! of! betweenness! is! presented! by! Freeman! (1977),! although! he! mentioned! some!
unpublished!works! by! other! authors! on! this! particular! issue.!Mathematically,!we! can! express!
the!betweenness!for!a!general!network!by! )(ig jk %to!be!the!number!of!geodesic!paths!from%j!to!k%
















[ ! − 1 (! − 2)/2]! (5.13)!
Where!n!is!the!total!number!of!nodes!within!network.!
Clustering%Coefficient%%
The! clustering! coefficient! is! the! degree! by! which! nodes! tends! to! make! groups! or! clusters!
together.!The!clustering!of!nodes!having!similar!connectivity!patterns!or!others!characteristics!






three! nodes! connected! to! each! other.! The! clustering! coefficient! measures! the! density! of!
triangles!in!the!network.!
! !!" = 1!
[ !! − (!)]!
!! ! (5.14)!
In! a! random! network! of! connections! between! nodes! and! edges,! !!!!and!!!has! fixed! or! finite!
values!the!quantity!becomes!small!as!!! → !∞,!so!the!clustering!coefficient!can!be!small!as!size!of!
network!grows.!But!in!reality!it!can!be!very!different!depending!on!network!type!and!size.!
The! aggregate! clustering! coefficient! is! proposed! by! Watts! &! Strogatz,! (1998)! and! can! be!
calculated!by!taking!the!mean!of!local!clustering!coefficient!of!each!node.!
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of! correlation! can! be! the! relationship! between! supply! and! price! of! crude! oil! in! international!
market.!As!supply!increases!the!price!goes!down!accordingly.!!
We! used! “Pearson’s! product! moment! correlation! coefficient”! to! explain! the! linkage! between!




For! series! of! n!measurements! of! X! and! Y,! known! as!!! !!"#!!! !for!! = 1, 2,…… . . !,! the! sample!
correlation!coefficient!can!be!used!to!estimate!correlation!!!"!between!both!variables.!It!can!be!
written!as,!
! !!" = !
!! − ! ! !! − !!!!!
!!!!!
!= ! !! − ! ! !! − !
!
!!!




! !!" = !
!!!! − !!!
!!!!!
!= ! ! !!!! − !! !!




−1! ≤ !! ≤ +1,!which!can!explain!the!strength,!level!and!type!of!relationship.!!
5.3(Exploring(the(Network(
5.3.1(The(Investment(Network(((
In! our! analysis! of! investment! network!we! used! the! data! of! Coordinated! Portfolio! Investment!
Survey! (CPIS)! compiled! and! published! regularly! by! IMF.! The! same!data! set! is!widely! used! in!
literature!for!network!or!nonGnetwork!analysis!related!to!global!portfolio!investment!patterns.!
The! CPIS! data! is! aggregate! amount! received! by! single! country! or! invested! in! one! country! by!
foreign! individuals,!corporations!and! investment!agencies!or!other!vehicles! in!equity!markets.!
We!used!data! from!2001! to!2014,! total!number!of!14!years.!There!are!26! countries!or!nodes!
within!this!network.!Out!of! these!26!countries!24!are!European!Union!(EU)!members!while!2,!




The! timespan!selected! is! interesting!as!we!have!seen!huge!ups!and!downs!within! this!decade!
and!we!can!easily!call!it!a!decade!of!change.!There!was!Global!Financial!Crisis!(GFC)!impacting!




S.(No.( Country( Category( S.(No.( Country( Category(
1( Austria! Eurozone! 14( Italy! Eurozone!
2( Belgium! Eurozone! 15( Luxembourg! Eurozone!
3( Bulgaria! European!Union! 16( Malta! Eurozone!
4( Cyprus! Eurozone! 17( Netherlands! Eurozone!
5( Czech!Republic! European!Union! 18( Poland! European!Union!
6( Denmark! European!Union! 19( Portugal! Eurozone!
7( Estonia! Eurozone! 20( Romania! European!Union!
8( Finland! Eurozone! 21( Slovak!Republic! Eurozone!
9( France! Eurozone! 22( Spain! Eurozone!
10( Germany! Eurozone! 23( Sweden! European!Union!
11( Greece! Eurozone! 24( United!Kingdom! European!Union!
12( Hungary! European!Union! 25( Japan! Others!
13( Ireland! Eurozone! 26( United!States! Others!
Table%5.1%Countries%of%Investment%Network%
The! debt! crisis! compressed! weak! European! economies! and! had! severe! impacts! on! bilateral!




The! investment! network! or! data! used! in! our! analysis! is! same! as! appeared! in! Chapter! 5.! The!
difference!is! in!analytical!approach.! In!chapter!5!we!focused!on!macro!or!aggregate! indicators!
and!cumulative!movements!of!the!whole!network.!!
Now!we!would!look!at!individual!nodes!within!our!investment!network,!and!changes!they!went!
through!due! to!external!or! internal! events.!By!using! the!analytical!measures!described! in!our!







































































































































By# looking#at#previous# figures# (5.1# 7#5.4)#we#get#an#overall# idea#about# individual#nodes.#Some#
nodes#are#strongly#connected#to#other#while#some#face#challenges# to#remain# in#strong# loop#or#
Tier.#Centrality#and#degree#measures#can#explain#the#individualistic#relevant#course#of#action#a#
single#node#adopted#for#longer#term.#




out7degree# corresponds# to# strong# and# enhanced# economic# circumstances# at# home# country#
which#enables#private#investors#to#look#for#portfolio#diversification.#High#level#of#out7degree#can#
be#associated#with#less#efficient#equity#markets#or#lower#returns#at#home#country#as#well.#In#and#





be# found# in# chapter# 2# with# relevant# examples.# As# explained# earlier# countries# with# higher#
closeness# centrality# are# the# ones# which# are# strongly# connected# with# other# nodes# and# have#
higher#in#and#out#degrees.#Higher#closeness#is#directly#linked#with#central#position#of#particular#
node# within# network.# The# comparative# analytics# enables# us# to# confirm# the# phenomenon# of#
linkage# between# closeness# and# degree# measures.# Statistically,# the# ultimate# goal# in# closeness#
centrality#is#to#reach#the#common#point#which#is#set#a#1.00#in#our#analysis.#There#are#nodes#with#
perfect# closeness#measure# for#whole# time#span#while# few# tend# to#deviate#a# lot.#By# comparing#
this#with#degree#measures#we#can#confirm# that#nodes# like#Germany#or#France#are# the#central#
and# strongly# connected,# while# nodes# like# Greece# and# Romania# are# the# ones# with# lower#
connectivity#and#centrality.##
Clustering#coefficient# is# the# inverse# relation#of# centrality.#The#countries#with#higher# closeness#
must#have#lower#clustering#orientation#and#vice#versa.#Figure#5.2#explain#the#trends#related#to#
clustering#within#our# investment#network.#The#observation#of# trends# confirms# the# theoretical#
groundings# as# almost# all# trends# are# inversely#proportional# to# closeness# centrality# trends.#The#
higher# clustering#within# network# implies# that# nodes# are# part# of# cluster# or# groups# instead# of#









































#Table#5.2# explains# the# classification#of# all# nodes#with# respect# to# average# closeness# centrality.#
There#are#13#nodes# in# first#Tier,#which#represent# the#strongly#connected#nodes#of# investment#
network.# The# inclusion# of# these# nodes# within# first# Tier# is# confirmed# by# in# and# out7degree#
measures#as#well.#There#isn’t#any#surprise#inclusion#within#this#Tier#as#connectivity#and#flow#of#
all#relevant#countries#is#high#enough.#Tier#2#represents#mid7level#connectivity#of#included#nodes#
with#rest#of# the#network.#There# is#a#surprise# inclusion#within#this#group,# the#United#Kingdom.#
London#being#the#capital#of#UK#is#hub#of# international#bond#market.#LIBOR#is#used#worldwide#
for# settlements# of# debt# and# relevant# contracts.# Though#UK# is# just# above# the# criteria# and#with#
small#relaxation#it#can#join#Tier#1#countries.#Our#early#data#indicates#the#lower#level#of#in#and#out#
degree# measures# for# UK# for# certain# time# period# though.# As# being# an# attractive# investment#
destination# it#might#not#be# able# to# invest# into#other# foreign#markets.#Rest# of#Tier#2# countries#
follows#their# intermediate#connectivity# levels#within#network.#Tier#3# includes#the# least#central#
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nodes#with#less#connectivity#and#flow#with#other#partners.#These#countries#tend#to#have#higher#
clustering#coefficient#as# they#are#not# fully#connected#with# the#whole#network.#We#believe# this#
group#is#balanced#and#accurate#according#to#degree,#clustering#and#centrality#measures.##














Figure# 5.5# to# 5.8# confirms# our# selection# by# showing# the# variations# in# networks# analytics# for#
selected# countries.# Each# figure# explains# the# centrality# measure# used# for# cumulative# network#
earlier.#With#respect# to#closeness#centrality#Romania# is# the# least#central#node#of#our#network.#
Centrality# level# of# Greece# are# touching# upper# tier# for# some# years# but# it# keeps# the# mid7level#
connectivity# for# prolonged# period.# The# top# Tier# countries,# Germany# and# France# depict# lower#










We# are# aware# of# Eurozone# debt# crisis# which# impacted# different# economics# in# a# tough# way,#
especially#the#small#and#vulnerable#nodes.#This#abrupt#change#can#be#associated#with#Eurozone#





The# In7and#Out#degree#measures#are# relatively#easy# to#understand,# they# simply# represent# the#
number# of# nodes# connected# with# particular# node# at# a# point# in# time# having# in# or# out# ward#










































































depicts# a# strong# growth# in# connectivity# around# 2003# and# 2008# for# In7degree# and# out7degree#
patterns#respectively.##Greece#shows#a#reduction#regarding#inward#connection#after#2013#due#to#




























Economic# Indicators# used# for# analysis# are# obtained# from# International#Monetary# Fund# (IMF).#
The#database#of#International#Financial#Statistics#(IFS)#is#used#to#obtain#the#relevant#measures.#
The# IFS# is# one# of# the# fund’s#main# databases# and# is# available# since# 1948.#We#used# the# similar#

















The# network# indicators# used# for# analysis# are# obtained# from# CPIS# (Coordinated# Portfolio#
Investment#Network)#investment#network.#The#CPIS#database#is#compiled#and#published#by#IMF#
regularly.##





















The# correlation#matrices# are#presented# in# figure#5.8# to#5.12# for# France,#Germany,#Greece# and#
Romania# respectively.# These#matrices# are# based# on# the# 14# years# data# of# economic# indicators#
and#network#indices.#These#matrices#give#us#insights#regarding#relationship#or#linkages#between#






their#overlapped#network# indices.#But#similarities#are# in#much# larger#percentage#compared#to#
differences.#
First#we#would#look#at#figure#5.9,#which#represent#France’s#matrix.#There#is#indeed#a#correlation#
pattern#and#relationship#between#networks# indices#and#macroeconomic# indicators.#There# is#a#
strong#correlation#between#Gross#Domestic#Product#(GDP),#Purchasing#Power#Parity#(PPP)#with#
In7Out#degree#and#weighted#degree#measures.#It#means#that#higher#the#connectivity#level#higher#
the# impact# on# economic# growth# patterns.# There# is# a# strong# negative# correlation# between#
network’s# centrality# measures# such# as# closeness,# betweeness# and# eccentricity# with# GDP# and#
PPP.#This#negative#correlation#depicts#the#positive#impact#due#to#technical#reason;#the#centrality#
measures#move#to#reverse#side#or#statistically#decreases#if#level#of#centrality#improves.#It#means#
the# more# central# nodes# would# have# lower# values# compared# to# less# central# nodes.# The#
correlation# matrix# takes# this# on# the# opposite# side.# As# if# GDP# is# increasing# and# statistics# of#
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closeness# are#decreasing# it#makes# a# perfect# sense#of# negative# correlation.#The# implications# of#
this#strong#negative#correlation#are#positive.#So#the#relationship#between#closeness,#betweeness#
and# eccentricity# is# strong# and# understandable.# There# are# two# other# strong# relations# between#
network# indices,# inflation# and# current# account# balance.# It# is# interesting# to# know# that# the#
strongly# connected#nodes#have# less# inflation#and#better# trade# relations#with# trading#partners.#
Cumulatively# for# France# there# are# strong# relations# between# its# investment# network# and#
economic# indicators.# The# relation# is# not# causal# rather# exist;# there# can# be# more# underlying#
reason#besides#the#one#under#consideration#in#this#study.#####
For#Germany#the#relationship#is#of#similar#nature,#the#increase#in#centrality#measures#has#strong#
connections# with# economic# growth,# inflation,# current# account# balance# and# government# debt.#
The# current# account# balance# of# Germany# is# improving# with# the# passage# of# time# so# is# its#
centrality.#That#makes#it#positive#correlation#compared#to#France#which#has#negative#correlation#
with# this# particular# variable.# Tier# 1# countries# have# important# position# within# network;# with#
strong#centrality#indices#we#can#find#correlation#patterns#with#their#economic#indicators.#These#
correlations#are#not# causal# rather#shows# the#existence#of# relationship.#The#general# conclusion#
should# include# this# trend.# The# more# central# a# country# is,# there# more# relationships# or#
correlations# it# can# have.# It# can# also# have# implications# for# countries# with# less# connectivity# to#
improve#their#network#position#and#capture#more#economic#benefits.#######
Tier%2%Countries%
Tier# 2# countries# are# modestly# linked# with# investment# network.# Greece# is# selected# as#
representative# of# this# group.# The# country# has# modest# linkages# with# investment# network.# It#
showed# improvements# regarding#connectivity#patterns# initially,#had#good#position# for#a#while#
and#again#feeling#the#heat#of#Eurozone#debt#crisis.##
The#correlation#matrix#representing# the#possible# ties#between#Greece’s#economy#and#network#







joining# any# cluster# compared# to# Tier# 1.# So# the# explanation# regarding# increase# in# clustering#
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coefficient# due# to# Eurozone# debt# crisis# might# have# exposed# Greece# with# better# inflation#
management#and#government#debts.##
The#conclusion#on#Greece#can#be#generalized#for#Tier#2#countries#due#to#economic#similarities#
and# prevailing# circumstances.# These# nodes# do# not# have# strong# connectivity# pattern,# so#




Tier# 3# countries# are# weakly# linked# with# investment# network# and# do# not# possess# a# strong#
position# within# it.# Romania# is# the# representative# of# this# small# group# which# may# feel# or# is#
alienated# compared# to# Tier# 1# and# Tier# 2# countries.# # Romania# is# an# interesting# case# of#
connectivity.# It#has#extremely# lower# level#of#connectivity# initially,#and#improved#at# later#stage.#
Recently# it# reached# the# same# degree# connectivity# level# as# Greece.# So# we# would# be# able# to#
analyze#the#changes#in#connectivity#and#consequences#on#relationship.#
Figure# 5.12# represents# the# Romania’s# correlation# matrix.# It# seems# to# have# modest# level# of#
correlations#between# economic# indicators# and#network# indices.# If# compared#with#Tier# 1# then#
the#patterns#are#not#that#significant.#But#for#Tier#2# it’s#not#that#weak#either.# It#seems#Romania#
may# have# better# relation# between# its# economic# indicators# and# networks# indices# due# to#
improvement#in#connectivity.#Though#its#patterns#may#not#exceed#the#level#Greece#may#already#
have#but#the#case#of#better#connectivity#and#improved#linkages#must#be#taken#into#consideration.#
Beside# general# relationships# it’s# interesting# to# understand# the# association# between# clustering#
coefficient# and# economic# indicators.# Unlike# Greece# it# represents# a# negative# link# in# between,#
depicting#that#it#might#be#connecting#more#aggressively#and#removing#the#clustering#barriers.##
The# basic# relationship# between# GDP,# PPP# and# centrality# indices# shows# sign# of# positive#
correlation.#There#is#a#connection#in7between.#The#conclusion#for#Tier#3#can#be#generalized#for#
Tier# 3# and# Tier# 2# countries# as#well.# Improvements# in# connectivity# and# network# position# can#





! N1# N2# N3# N4# N5# N6# N7# N8# N9# N10# N11# E1# E2# E3# E4# E5# E6# E7# E8#
N1# 1.000! 0.430! 0.743! 0.591! 0.574! 0.589! (0.645)! (0.430)! (0.059)! 0.575! 0.591! 0.593! 0.539! 0.594! (0.533)! 0.521! 0.373! 0.457! (0.566)!
N2# 0.430! 1.000! 0.924! 0.871! 0.814! 0.897! (0.925)! (1.000)! (0.853)! 0.936! 0.871! 0.884! 0.830! 0.886! (0.794)! 0.783! 0.418! 0.683! (0.814)!
N3# 0.743! 0.924! 1.000! 0.896! 0.847! 0.914! (0.960)! (0.924)! (0.657)! 0.938! 0.896! 0.907! 0.844! 0.909! (0.815)! 0.801! 0.468! 0.700! (0.844)!
N4# 0.591! 0.871! 0.896! 1.000! 0.983! 0.985! (0.869)! (0.871)! (0.775)! 0.942! 1.000! 0.936! 0.943! 0.926! (0.930)! 0.913! 0.624! 0.849! (0.873)!
N5# 0.574! 0.814! 0.847! 0.983! 1.000! 0.935! (0.827)! (0.814)! (0.740)! 0.914! 0.983! 0.895! 0.952! 0.875! (0.959)! 0.946! 0.746! 0.912! (0.861)!
N6# 0.589! 0.897! 0.914! 0.985! 0.935! 1.000! (0.882)! (0.897)! (0.783)! 0.938! 0.985! 0.946! 0.904! 0.944! (0.873)! 0.853! 0.488! 0.762! (0.857)!
N7# (0.645)! (0.925)! (0.960)! (0.869)! (0.827)! (0.882)! 1.000! 0.925! 0.659! (0.897)! (0.869)! (0.870)! (0.843)! (0.866)! 0.813! (0.798)! (0.501)! (0.701)! 0.847!
N8# (0.430)! (1.000)! (0.924)! (0.871)! (0.814)! (0.897)! 0.925! 1.000! 0.853! (0.936)! (0.871)! (0.884)! (0.830)! (0.886)! 0.794! (0.783)! (0.418)! (0.683)! 0.814!
N9# (0.059)! (0.853)! (0.657)! (0.775)! (0.740)! (0.783)! 0.659! 0.853! 1.000! (0.842)! (0.775)! (0.785)! (0.766)! (0.784)! 0.739! (0.737)! (0.376)! (0.672)! 0.713!
N10# 0.575! 0.936! 0.938! 0.942! 0.914! 0.938! (0.897)! (0.936)! (0.842)! 1.000! 0.942! 0.940! 0.910! 0.937! (0.891)! 0.884! 0.549! 0.806! (0.874)!
N11# 0.591! 0.871! 0.896! 1.000! 0.983! 0.985! (0.869)! (0.871)! (0.775)! 0.942! 1.000! 0.936! 0.943! 0.926! (0.930)! 0.913! 0.624! 0.849! (0.873)!
E1# 0.593! 0.884! 0.907! 0.936! 0.895! 0.946! (0.870)! (0.884)! (0.785)! 0.940! 0.936! 1.000! 0.944! 0.998! (0.909)! 0.904! 0.531! 0.814! (0.942)!
E2# 0.539! 0.830! 0.844! 0.943! 0.952! 0.904! (0.843)! (0.830)! (0.766)! 0.910! 0.943! 0.944! 1.000! 0.924! (0.993)! 0.990! 0.724! 0.950! (0.968)!
E3# 0.594! 0.886! 0.909! 0.926! 0.875! 0.944! (0.866)! (0.886)! (0.784)! 0.937! 0.926! 0.998! 0.924! 1.000! (0.883)! 0.877! 0.486! 0.779! (0.927)!
E4# (0.533)! (0.794)! (0.815)! (0.930)! (0.959)! (0.873)! 0.813! 0.794! 0.739! (0.891)! (0.930)! (0.909)! (0.993)! (0.883)! 1.000! (0.997)! (0.781)! (0.977)! 0.943!
E5# 0.521! 0.783! 0.801! 0.913! 0.946! 0.853! (0.798)! (0.783)! (0.737)! 0.884! 0.913! 0.904! 0.990! 0.877! (0.997)! 1.000! 0.799! 0.980! (0.945)!
E6# 0.373! 0.418! 0.468! 0.624! 0.746! 0.488! (0.501)! (0.418)! (0.376)! 0.549! 0.624! 0.531! 0.724! 0.486! (0.781)! 0.799! 1.000! 0.850! (0.611)!
E7# 0.457! 0.683! 0.700! 0.849! 0.912! 0.762! (0.701)! (0.683)! (0.672)! 0.806! 0.849! 0.814! 0.950! 0.779! (0.977)! 0.980! 0.850! 1.000! (0.887)!











N1! N2! N3! N4! N5! N6! N7! N8! N9! N10! N11! E1! E2! E3! E4! E5! E6! E7! E8!
N1! 1.000! 0.782! 0.953! 0.837! 0.852! 0.813! (0.782)! (0.782)! (0.601)! 0.895! 0.837! 0.836! 0.665! 0.827! (0.815)! 0.798! 0.694! 0.660! 0.872!
N2! 0.782! 1.000! 0.934! 0.754! 0.810! 0.703! (1.000)! (1.000)! (0.498)! 0.843! 0.754! 0.763! 0.571! 0.751! (0.722)! 0.571! 0.573! 0.565! 0.712!
N3! 0.953! 0.934! 1.000! 0.846! 0.882! 0.807! (0.934)! (0.934)! (0.587)! 0.922! 0.846! 0.850! 0.658! 0.839! (0.818)! 0.734! 0.676! 0.653! 0.845!
N4! 0.837! 0.754! 0.846! 1.000! 0.985! 0.993! (0.754)! (0.754)! (0.855)! 0.948! 1.000! 0.929! 0.854! 0.927! (0.938)! 0.853! 0.883! 0.832! 0.958!
N5! 0.852! 0.810! 0.882! 0.985! 1.000! 0.957! (0.810)! (0.810)! (0.811)! 0.948! 0.985! 0.902! 0.768! 0.895! (0.887)! 0.833! 0.801! 0.747! 0.930!
N6! 0.813! 0.703! 0.807! 0.993! 0.957! 1.000! (0.703)! (0.703)! (0.870)! 0.931! 0.993! 0.932! 0.898! 0.932! (0.957)! 0.852! 0.923! 0.874! 0.961!
N7! (0.782)! (1.000)! (0.934)! (0.754)! (0.810)! (0.703)! 1.000! 1.000! 0.498! (0.843)! (0.754)! (0.763)! (0.571)! (0.751)! 0.722! (0.571)! (0.573)! (0.565)! (0.712)!
N8! (0.782)! (1.000)! (0.934)! (0.754)! (0.810)! (0.703)! 1.000! 1.000! 0.498! (0.843)! (0.754)! (0.763)! (0.571)! (0.751)! 0.722! (0.571)! (0.573)! (0.565)! (0.712)!
N9! (0.601)! (0.498)! (0.587)! (0.855)! (0.811)! (0.870)! 0.498! 0.498! 1.000! (0.839)! (0.855)! (0.824)! (0.790)! (0.831)! 0.847! (0.797)! (0.856)! (0.826)! (0.839)!
N10! 0.895! 0.843! 0.922! 0.948! 0.948! 0.931! (0.843)! (0.843)! (0.839)! 1.000! 0.948! 0.932! 0.825! 0.930! (0.937)! 0.838! 0.856! 0.833! 0.947!
N11! 0.837! 0.754! 0.846! 1.000! 0.985! 0.993! (0.754)! (0.754)! (0.855)! 0.948! 1.000! 0.929! 0.854! 0.927! (0.938)! 0.853! 0.883! 0.832! 0.958!
E1! 0.836! 0.763! 0.850! 0.929! 0.902! 0.932! (0.763)! (0.763)! (0.824)! 0.932! 0.929! 1.000! 0.887! 0.999! (0.952)! 0.880! 0.919! 0.857! 0.967!
E2! 0.665! 0.571! 0.658! 0.854! 0.768! 0.898! (0.571)! (0.571)! (0.790)! 0.825! 0.854! 0.887! 1.000! 0.898! (0.958)! 0.722! 0.987! 0.966! 0.889!
E3! 0.827! 0.751! 0.839! 0.927! 0.895! 0.932! (0.751)! (0.751)! (0.831)! 0.930! 0.927! 0.999! 0.898! 1.000! (0.956)! 0.880! 0.930! 0.872! 0.966!
E4! (0.815)! (0.722)! (0.818)! (0.938)! (0.887)! (0.957)! 0.722! 0.722! 0.847! (0.937)! (0.938)! (0.952)! (0.958)! (0.956)! 1.000! (0.792)! (0.968)! (0.950)! (0.949)!
E5! 0.798! 0.571! 0.734! 0.853! 0.833! 0.852! (0.571)! (0.571)! (0.797)! 0.838! 0.853! 0.880! 0.722! 0.880! (0.792)! 1.000! 0.788! 0.718! 0.916!
E6! 0.694! 0.573! 0.676! 0.883! 0.801! 0.923! (0.573)! (0.573)! (0.856)! 0.856! 0.883! 0.919! 0.987! 0.930! (0.968)! 0.788! 1.000! 0.969! 0.917!
E7! 0.660! 0.565! 0.653! 0.832! 0.747! 0.874! (0.565)! (0.565)! (0.826)! 0.833! 0.832! 0.857! 0.966! 0.872! (0.950)! 0.718! 0.969! 1.000! 0.852!










N1! N2! N3! N4! N5! N6! N7! N8! N9! N10! N11! E1! E2! E3! E4! E5! E6! E7! E8!
N1! 1.000! (0.057)! 0.953! 0.692! 0.495! 0.550! (0.258)! 0.057! (0.030)! 0.765! 0.692! 0.840! 0.736! 0.842! (0.289)! 0.640! (0.105)! 0.628! (0.512)!
N2! (0.057)! 1.000! 0.249! (0.173)! (0.249)! 0.114! 0.221! (1.000)! 0.003! 0.079! (0.173)! (0.242)! (0.121)! (0.234)! (0.145)! (0.003)! 0.176! (0.141)! 0.590!
N3! 0.953! 0.249! 1.000! 0.619! 0.404! 0.568! (0.183)! (0.249)! (0.028)! 0.766! 0.619! 0.741! 0.677! 0.745! (0.325)! 0.620! (0.048)! 0.566! (0.317)!
N4! 0.692! (0.173)! 0.619! 1.000! 0.894! 0.436! 0.272! 0.173! 0.162! 0.451! 1.000! 0.852! 0.435! 0.852! 0.151! 0.254! 0.131! 0.246! (0.727)!
N5! 0.495! (0.249)! 0.404! 0.894! 1.000! (0.014)! 0.255! 0.249! 0.488! 0.057! 0.894! 0.679! 0.083! 0.677! 0.556! (0.142)! 0.193! (0.105)! (0.824)!
N6! 0.550! 0.114! 0.568! 0.436! (0.014)! 1.000! 0.095! (0.114)! (0.619)! 0.890! 0.436! 0.536! 0.802! 0.540! (0.778)! 0.850! (0.096)! 0.757! 0.033!
N7! (0.258)! 0.221! (0.183)! 0.272! 0.255! 0.095! 1.000! (0.221)! 0.121! (0.165)! 0.272! (0.153)! (0.310)! (0.154)! 0.277! (0.323)! 0.284! (0.425)! 0.141!
N8! 0.057! (1.000)! (0.249)! 0.173! 0.249! (0.114)! (0.221)! 1.000! (0.003)! (0.079)! 0.173! 0.242! 0.121! 0.234! 0.145! 0.003! (0.176)! 0.141! (0.590)!
N9! (0.030)! 0.003! (0.028)! 0.162! 0.488! (0.619)! 0.121! (0.003)! 1.000! (0.583)! 0.162! (0.031)! (0.539)! (0.034)! 0.819! (0.681)! 0.003! (0.664)! (0.374)!
N10! 0.765! 0.079! 0.766! 0.451! 0.057! 0.890! (0.165)! (0.079)! (0.583)! 1.000! 0.451! 0.658! 0.884! 0.663! (0.762)! 0.917! (0.069)! 0.859! (0.099)!
N11! 0.692! (0.173)! 0.619! 1.000! 0.894! 0.436! 0.272! 0.173! 0.162! 0.451! 1.000! 0.852! 0.435! 0.852! 0.151! 0.254! 0.131! 0.246! (0.727)!
E1! 0.840! (0.242)! 0.741! 0.852! 0.679! 0.536! (0.153)! 0.242! (0.031)! 0.658! 0.852! 1.000! 0.756! 1.000! (0.157)! 0.592! (0.106)! 0.611! (0.767)!
E2! 0.736! (0.121)! 0.677! 0.435! 0.083! 0.802! (0.310)! 0.121! (0.539)! 0.884! 0.435! 0.756! 1.000! 0.755! (0.736)! 0.966! (0.407)! 0.962! (0.265)!
E3! 0.842! (0.234)! 0.745! 0.852! 0.677! 0.540! (0.154)! 0.234! (0.034)! 0.663! 0.852! 1.000! 0.755! 1.000! (0.160)! 0.593! (0.099)! 0.612! (0.763)!
E4! (0.289)! (0.145)! (0.325)! 0.151! 0.556! (0.778)! 0.277! 0.145! 0.819! (0.762)! 0.151! (0.157)! (0.736)! (0.160)! 1.000! (0.879)! 0.320! (0.834)! (0.400)!
E5! 0.640! (0.003)! 0.620! 0.254! (0.142)! 0.850! (0.323)! 0.003! (0.681)! 0.917! 0.254! 0.592! 0.966! 0.593! (0.879)! 1.000! (0.349)! 0.971! (0.037)!
E6! 0.221! (0.003)! 0.214! (0.186)! (0.582)! 0.752! (0.290)! 0.003! (0.821)! 0.703! (0.186)! 0.125! 0.676! 0.127! (0.958)! 0.824! (0.209)! 0.771! 0.329!
E7! 0.628! (0.141)! 0.566! 0.246! (0.105)! 0.757! (0.425)! 0.141! (0.664)! 0.859! 0.246! 0.611! 0.962! 0.612! (0.834)! 0.971! (0.423)! 1.000! (0.118)!










! N1! N2! N3! N4! N5! N6! N7! N8! N9! N10! N11! E1! E2! E3! E4! E5! E6! E7! E8!
N1! 1.000! 0.514! 0.766! 0.605! 0.592! 0.615! 0.771! (0.514)! 0.504! (0.498)! 0.605! 0.615! 0.616! 0.606! 0.037! 0.663! 0.598! 0.411! (0.340)!
N2! 0.514! 1.000! 0.945! 0.753! 0.714! 0.907! 0.420! (1.000)! 0.667! (0.228)! 0.753! 0.914! 0.956! 0.923! (0.231)! 0.942! 0.804! 0.799! (0.186)!
N3! 0.766! 0.945! 1.000! 0.794! 0.760! 0.914! 0.608! (0.945)! 0.691! (0.360)! 0.794! 0.919! 0.951! 0.922! (0.159)! 0.958! 0.830! 0.755! (0.269)!
N4! 0.605! 0.753! 0.794! 1.000! 0.997! 0.903! 0.347! (0.753)! 0.508! (0.042)! 1.000! 0.736! 0.853! 0.755! (0.534)! 0.876! 0.659! 0.909! 0.120!
N5! 0.592! 0.714! 0.760! 0.997! 1.000! 0.871! 0.331! (0.714)! 0.473! (0.030)! 0.997! 0.697! 0.821! 0.716! (0.557)! 0.846! 0.617! 0.901! 0.164!
N6! 0.615! 0.907! 0.914! 0.903! 0.871! 1.000! 0.406! (0.907)! 0.665! (0.109)! 0.903! 0.894! 0.954! 0.903! (0.338)! 0.959! 0.837! 0.855! (0.162)!
N7! 0.771! 0.420! 0.608! 0.347! 0.331! 0.406! 1.000! (0.420)! 0.362! (0.764)! 0.347! 0.456! 0.481! 0.451! 0.173! 0.521! 0.309! 0.275! (0.263)!
N8! (0.514)! (1.000)! (0.945)! (0.753)! (0.714)! (0.907)! (0.420)! 1.000! (0.667)! 0.228! (0.753)! (0.914)! (0.956)! (0.923)! 0.231! (0.942)! (0.804)! (0.799)! 0.186!
N9! 0.504! 0.667! 0.691! 0.508! 0.473! 0.665! 0.362! (0.667)! 1.000! (0.265)! 0.508! 0.741! 0.622! 0.730! 0.125! 0.611! 0.776! 0.375! (0.507)!
N10! (0.498)! (0.228)! (0.360)! (0.042)! (0.030)! (0.109)! (0.764)! 0.228! (0.265)! 1.000! (0.042)! (0.210)! (0.234)! (0.207)! (0.188)! (0.256)! 0.046! (0.073)! 0.073!
N11! 0.605! 0.753! 0.794! 1.000! 0.997! 0.903! 0.347! (0.753)! 0.508! (0.042)! 1.000! 0.736! 0.853! 0.755! (0.534)! 0.876! 0.659! 0.909! 0.120!
E1! 0.615! 0.914! 0.919! 0.736! 0.697! 0.894! 0.456! (0.914)! 0.741! (0.210)! 0.736! 1.000! 0.940! 0.999! (0.007)! 0.918! 0.817! 0.699! (0.445)!
E2! 0.616! 0.956! 0.951! 0.853! 0.821! 0.954! 0.481! (0.956)! 0.622! (0.234)! 0.853! 0.940! 1.000! 0.952! (0.291)! 0.995! 0.768! 0.879! (0.155)!
E3! 0.606! 0.923! 0.922! 0.755! 0.716! 0.903! 0.451! (0.923)! 0.730! (0.207)! 0.755! 0.999! 0.952! 1.000! (0.046)! 0.930! 0.811! 0.728! (0.408)!
E4! 0.037! (0.231)! (0.159)! (0.534)! (0.557)! (0.338)! 0.173! 0.231! 0.125! (0.188)! (0.534)! (0.007)! (0.291)! (0.046)! 1.000! (0.323)! (0.071)! (0.691)! (0.769)!
E5! 0.663! 0.942! 0.958! 0.876! 0.846! 0.959! 0.521! (0.942)! 0.611! (0.256)! 0.876! 0.918! 0.995! 0.930! (0.323)! 1.000! 0.769! 0.889! (0.119)!
E6! 0.598! 0.804! 0.830! 0.659! 0.617! 0.837! 0.309! (0.804)! 0.776! 0.046! 0.659! 0.817! 0.768! 0.811! (0.071)! 0.769! 1.000! 0.552! (0.473)!
E7! 0.411! 0.799! 0.755! 0.909! 0.901! 0.855! 0.275! (0.799)! 0.375! (0.073)! 0.909! 0.699! 0.879! 0.728! (0.691)! 0.889! 0.552! 1.000! 0.290!



















which, is, “positive”., The, level, of, correlation, is, indeed, different, but, sign, remains, same, for, all,
selected, countries., Network, indices, from, N1, to, N6, are, related, to, degree, and, weights, of,
investment,flows.,The,broader,picture,explains,the,relationship,,as,increase,in,degree,or,weight,
of,investment,flows,have,positive,impact,on,the,GDP,of,concerned,country,,the,statement,can,be,




closeness, centrality, is, “1”, while, the, worst, would, be, i, >, 1., This, implies, the, reduction, as,
betterment,, whereas, economic, indicators, show, opposite, trend., Better, GDP, would, be, an,
increase,compared,to,previous,figures.,Having,negative,correlation,explains,the,strong,positive,
relationship, by, decrease, in, N7, to, N9, and, increase, in, GDP, and, relevant, measures., Higher,
closeness,or,betweeness,indicates,better,GDP,or,vice,versa.,,,,,,,,,,,,,,,,,,,,
$ E1,
N4, 0.936, 0.929, 0.852, 0.736,






The, relationship,between, inflation, and,network, indicators, is, complex,, it, remains,positive, for,
most, of, the, network, indices, but, level, is, changing, rapidly, for, different, tiers, of, countries., The,
weighted,degree,and, inflation’s, relationship, is, shown, in, table,5.6.,The, level,of, relationship, is,
much,higher,for,tier,1,countries,,tier,2,country,which,is,Greece,has,really,small,level,or,rather,
no,correlation,with,level,of,inflation,and,weighted,investment,flows.,Tier,3,country,“Romania”,







N4, 0.913, 0.853, 0.254, 0.876,





accounts,, have, different, kind, of, relationship, for, different, tiers., The, pattern, is, positive, and,




N4, 0.624, 0.883, 0.131, 0.659,




Current, account, balance, is, positive, for, export, oriented, countries, and, negative, for, import,




On, the, other, hand, Germany, which, is, also, part, of, tier, 1, but, is, large, exporter, of, different,
products, in, world, maintains, positive, balance, or, current, account, surplus., There, is, a, strong,
positive,relationship,among,current,account,balance,and,total,investment,flows,in,the,country.,
The,more,export, targets, country,achieve,, the,more,attractive, it, is, for, equity, investors.,Tier,2,
country, (Greece), shows, negative, relationship, and, follows, the, current, account, deficit, group,
behavior., Tier, 3, (Romania), countries, does, not, show, any, sign, of, correlation, with, current,
account,balance,and,investment,received,by,the,equity,markets.,,,,,,,,,,,
$ E8,
N4, (0.873), 0.958, (0.727), 0.120,





correlation,between,GDP,and,most,of, the,network, indices, for, tier,1,,2,and,3.,Though, level,of,
correlation,changes,according,to,tiers,,but,we,might,not,be,able,to,consider,the,change,in,GDP,
due, to, increase, or, decrease, in, equity, investment., Besides, the, opposite, case, sounds, more,
legitimate,as,investors,would,take,more,caution,with,lower,GDP,figures,and,may,reduce,their,




“current, account,balance”,with,network, indices, of, different, countries., The, results, completely,
follow,the,general,patterns,,as,higher,current,account,deficit,can,be,repulsive,for,foreign,equity,
investors, as, shown, in, table, 5.8,, whereas, strong, surplus, figures, have, positive, impact, on,
investor’s, sentiments, as, well, as, the, total, flows., The, smaller, countries, with, lower, volume, of,
trade, and, current, account, balance, do, not, have, any, strong, relationship, for, foreign, portfolio,
investment., The, correlation, matrices, can, show, us, trend, and, level, of, relationship, among,
networks,indices,and,economy,of,a,particular,country.,Having,multiple,countries,enables,us,to,











The& Case& of& Eurozone& Banking& Systems”& (Hakeem& && Suzuki,& 2016a)& which& is& joint& work& with&
associate&professor&Ken[ichi&Suzuki.&
6.1$Introduction$$
International, financial, system, is, a, combination, of, financial, institutions, across, borders;,





contagion,, which, leads, to, domino, effect, of, defaults, and, financial, system, witness, series, of,
defaults,,bailout,and,government,interventions.,Severity,of,contagion,depends,not,only,on,the,
size,of,institution,but,its,interconnectedness,within,network,,size,of,that,particular,network,and,
more, importantly, its, resilience, or, strength, to, absorb, idiosyncratic, shocks.,We, see, contagion,




with, some, developments., We, attempted, to, tackle, the, following, questions, in, our, current,
research,,,













are, more, dependent, on, bilateral, obligations., Besides, higher, level, of, exposures,, their,
capital, buffers, are, not, that, large., On, the, other, hand, postacrisis, network, had, smaller,
volume,of,bilateral,obligations,,and,higher,level,of,capital,and,reserves.,
2. All, nodes, are, interconnected, to, other, nodes, within, network., Level, of,
interconnectedness,can,be,determined,by,analyzing,the,volume,of,bilateral,obligations.,
Higher, level, of, interconnectedness, for, small, nodes, can, be, hazardous,, while, for, large,
nodes,,appears,to,increase,their,overall,strength.,
3. Contagion, plays, an, important, role, in, transferring, default, risk., If, large, node, faces,
difficult, conditions,, as, a, result, different, other, nodes,would, face, problems, afterwards,
because,of, their,bilateral,obligations.,While, this,phenomenon,would,not,be,effective, if,
small,nodes,are,in,trouble,after,idiosyncratic,shock.,,
4. Different, intensities, of, shocks, show, the, resilience, level, of, network., It, appears, that,
banking,systems,were,not,prepared,for,even,small,shocks,during,preacrisis,period,,with,
few, exceptions, of, large, nodes., We, witnessed, that, they, faced, lots, of, trouble, and,















6.3, covers, the, characteristics, of, our, data,, especially, features, of, “bilateral, matrix”., The,
comparative, statistics, gives, us, insight, about, the, major, borrowers, and, lenders, of, selected,
European,Union,countries., , In, terms,of,network,, the,big,,small,,most, interconnected,and, least,









Finding, interconnectedness, among, financial, institutions, remains, in, lime, light, by, many,
researchers,around, the,globe.,This, trend, is,not,deeparooted,and,gained,attention,during,past,
decade., A, side, of, literature, is, focused, on, the, network, structure, of, the, financial, system, in,
specific,countries:,Furfine,(2003),in,the,US,,Upper,and,Worms,(2004),in,Germany,,van,Lelyveld,
&,Liedorp,(2004),in,the,Netherlands,,Elsinger,et,al.,(2006a),in,Austria,,and,Mistrulli,(2007),in,
Italy., The, theoretical, background, in, literature,, for, the, system, of, interabank, credits, has, been,
introduced, by, Eisenberg, &, Noe, (2001)., Who, have, presented, a, centralized, static, clearing,
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mechanism,for,a,financial,system,for,a,given,structure,of,bilateral,nominal,liabilities.,Network,







in, Allen, &, Gale, (2000)., Though,, findings, were, not, consistent, among, the, aboveamentioned,
papers, due, to, variety, of, model, modifications,, input, methods, and, number, of, variables., The,
framework, and, groundings, provided, by, Eisenberg,&,Noe, (2001), remains, the, same., Advance,







focus,was, on, interbank, network, of, European, Union, instead, of, single, country., Although, data,













, ! = !,! , (6.2),
,
The,vertices,can,be,defined,as,! = {1,2,…… , n},and,“E”,as,edges,connecting,nodes.,The,simple,
undirected,graph,contains,no,multiple,arcs,,edges,or,loops.,The,difference,between,directed,and,
undirected,graph,would,be, “E”, representing,unilateral, arcs,or,directional, edges, in, respective,
cases., , In, simple, graphs,,!!" ∈ 0,1 ,representing, existence, of, links, between, two, or, more,









The,definition,of,incidence,would,be,as,follows,and,! = 1…… . . ! ,,
,










that, represent, the, weight, and, strength, of, connections, between, “i”& and& “j”., Whereas! !" =
{1,2,…… . !}.,The,diagonal,elements,of,incidence,matrix,nullify,the,possibility,of,loops,in,matrix.,
A,loop,can,be,defined,as,an,edge,originating,from,and,ending,single,nodes.,The,size,of,the,any,
network, can, be, represented, by, number, of, nodes, and, edges, establishing, the, connections, ina
between.,The,size,can,be,determined,by,,n = ! V , and!m = ! |E|.,
,











A, set,W,of, financial, institutions,, and,! = (1……… . !)., A,matrix,M,of, bilateral, exposures:,Mij,
represents,the,exposure,of,node,i,to,node,j,stated,as,the,(markatoa),market,value,of,all,liabilities,
of, institution, j, to, institution, i,, this, would, be, the,maximum, shortaterm, of, loss, of, i, in, case, of,
default,of,j.,
Whereas,! = (!! ∈ !),where, ci, is, the, capital, of, the, institution, i,, in, other,words, the, ability, to,
absorb,losses,,as,!! = 1!!"#!! = 1…… . !.$$




down, their, liabilities, to, their, creditors., These, losses, are, transferred, to, the, capital, of, the,
creditors,,leading,to,a,loss,of,Mji,for,each,creditor,j,of,each,defaulted,institution.,,
If, the, loss,exceeds, the,creditor’s,capital, i.e.,Mji,>,cj, this,create, the, insolvent,conditions, for, the,
institution,j,,this,scenario,may,generate,a,new,round,of,losses,to,the,creditors,of,j.,This,domino,
effect, may, be, modeled, by, defining, the, loss, transfer, within, model,, by, moving, the, losses, of,
previous,defaults,to,balance,sheet.,
Definition$ 1, (Loss, Flow, within, Network), Consider, an, initial, configuration, of, capital,
reserves!(!! ! , ! ∈ !).,Whereas,the,sequence,is,(!! ! , ! ∈ !)!!!,
, ck+1( j) =max(c0 ( j)− (1− Ri )M ji, 0)
{i,ck (i)=0}
∑ , (6.5),




, D(c,M ) = { j ∈W : cn−1( j) = 0} , (6.6),
Above, set, of, defaulting, institution, fulfils, the, default, condition, described, before., Important,
aspect, is,, all, components,of,default, set, are,not, initial,defaults,due, to, idiosyncratic, shock, that,
start, the, loss, process., We, may, also, find, the, defaults, due, to, contagion, and, domino, effect.,
Defaulted,institutions,are,categorized,by,following,two,subsets,,
, D(C,M ) = { j ∈W : c0 ( j) = 0}{ j ∈W : c0 ( j)> 0,cn−1( j) = 0} , (6.7),
First,subset,is,known,as,fundamental,defaults,whereas,second,subset,is,known,as,defaults,due,
to,contagion.,Default,Impact,due,to,default,of,set,of,institutions,“A”,can,be,measured,by,,









n jcjcAL )()()( 1 , (6.9),
Where, for, default, impact, and, total, loss,, (ck(j),, j,!,W, )k>0, is, defined,by, the, recurrence, relation,
(6.8),,with,initial,condition,is,given,as,,




an, exogenous, recovery, rate., As, we, know, that, liquidation, process, are, quite, lengthy, and,











of,every,bank,would, take,effect,,and,may,reflect,diminishing, trend.,We,propose,a,measure, to,
find, default, probabilities, of, every, institution, because, of, that, default, cascade., This, would,
highlight,the,most,weak,and,risky,nodes,within,financial,network.,,












, Dp(A,c,M ) = E[DI(A, (c+ε)+,M ) | c(i)+εi < 0,∀i ∈ A] , (6.12),
Where,Dp, is, the,expected,probability,of,default, in,each, iteration,of,simulation,due, to,external,
shock, and, it’s, contagion, effect., It, is, average, number, of, survivals, out, of, total, numbers, of,
iterations., The, aboveamentioned, model, was, used, by, Moussa,, A., (2011), to, analyse, Brazilian,




distress,or,bad,economic,conditions,, its, total,asset,value,would,be, reduced,as,well,as, capital.,
Because,,losses,written,down,from,the,balance,sheet,also,reduce,the,capital,by,same,amount,of,
loss, incurred., , So, analysing, the, financial, institutions, real, exposure, towards,market, is, quite, a,
troublesome, task, not, only, for, researchers, but, for, regulators, as, well., For, banks,, loans, are,
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treated, as, assets, of, the, company,, and, if, debtor, cannot, fulfil, its, obligation, then, loss, is,
incorporated,in,the,balance,sheet,and,the,capital,is,reduced,by,the,amount,of,loss.,In,literature,
Default, is, defined, as, a, condition, “when, an, institution, fails, to, fulfil, an, obligation, such, as, a,
scheduled,debt,payment,of,interest,or,principal,or,the,inability,to,service,a,loan”.,
While,modeling,default, it, is, important, to,examine, the, two,major, sources,of, financial, trouble:,
illiquidity,and,insolvency.,In,illiquid,conditions,current,ratio,of,financial,institution,drops,below,
one,, in, other,words, its, current, assets, are,not, enough, to,payoff, it, current, obligations., Illiquid,
conditions, leads, to, a, default, instantly., On, the, other, hand, insolvent, conditions, are,, when,




Thus,, in, line, with, various, previous, studies,, we, define, default, as, the, event, when, the, losses,
incurred,by,a,financial,institution,makes,it,insolvent.,
“Default”, is, very, broad, term,, in, a, sense, that, if, any, financial, entity,, which, cannot, pay, its,
obligations,, can, be, declared, “defaulted”., In, other, words, that, particular, entity, is, confronting,
“financial,distress”.,Realistically,defaulting,,or, institutions, facing, financial,distress,can,borrow,
funds, from, other, institutions, or, markets, depending, on, the, economic, conditions., Besides,, if,






We, defined, different,ways, to, simulate, the, above,model,, such, as, defining, the, randomness, of,
random, variables, that, would, produce, external, shock, for, the, whole, system., Besides,, putting,
limitations, on, the, severity, of, shock, can, give, us, insights, about, the, riskiness, of, different,
institutions, within, network., The, simulations, can, be, organized, by, using, multiple, conditions.,
Simulation,conditions,can,be,defined,by,aftershock,capital,levels.,Level,of,shocks,would,depend,
on,capital,reduction,,which,can,be,defined,according,to,simulation,settings,so,that! = 0!~!1.,,,,













clearing, scenarios.,These, scenarios,would,be, tested,under,both, simulations,distinctly., , These,
scenarios,can,be,distinguished,by,the,following,conditions,,
, !! = 0!~!!!!!!"#!!!!! = 0!~!!!!!!! ℎ!"!!!!!! ! = 0!!!!"#!!!! ∈ !, (6.14),
Where,! = {0~1},represent, the, recovery, rate, for, bilateral, assets, and, liabilities, in, different,
scenarios.,,,,The,simulation,scenarios,can,range,from,short,t,term,to,middle,and,long,term.,The,
shortaterm,scenario,would,reduce,the,overall,size,of,the,system,by,removing,the,bilateral,assets,
and, liabilities, of, the, defaulting, institution., Medium, to, longaterm, scenarios, depends, on, the,
efficiency, of, bankruptcy, clearing, regulatory,mechanism., As, they, have, to, clear, the, defaulting,
institution’s,obligations,up,to,it’s,repayment,ratio.,
1. $Short$Term$Scenario$(Removing$the$Default$institution)$






















and, ”Other, Liabilities”., We, used, the, following, sources, to, obtain, the, relevant, data., The, BIS,
compiles,the,cross,border,surveillance,data,in,two,formats:,,
While,both,datasets,consolidate,the,exposures,of, lenders’, foreign,offices,(i.e.,,subsidiaries,and,
branches), into, lenders’, head, offices,, the, URB, dataset, also, consolidates, by, residency, of, the,





the, periods, around, “Global, Financial, Crisis”,, in, other, words, condition, of, banking, system,
network, before, and, after, the, financial, crisis., Besides, another, important, aspect, is, to, identify,
contagion,within, network, after, “Global, Financial, Crisis”, and, during, the, “European, Sovereign,
Debt,Crisis”., , So,we,obtained,bilateral,matrix,of, assets, and, liabilities, (M), for, year,2007, (Prea
Crisis),and,2011,(PostaCrisis).,
Limited,number,of,reporting,institutions/countries,can,be,a,constraint,in,making,full,network,









All, EU,member, states, are, covered,by, the,database,, so, capital,, total, assets, and, total, liabilities,
data,of,every,country,is,acquired.,We,have,to,limit,ourselves,to,BIS,reporting,countries,only,due,
to,bilateral,assets,and,liabilities,matrix,structure,(M).,Capital,and,reserves,(c),,total,assets,and,
liabilities, of, selected, EU, countries, (W), are, acquired, for, the, year, 2007, (PreaCrisis), and, 2011,
(PostaCrisis)., This, database, is, maintained, in, “Euros”,, figures, are, converted, into, dollars, to,
streamline,the,analytical,process.,
6.3.1$The$Selected$Eurozone$Members$$
The, Eurozone, member, countries,, which, are, reporting, countries, of, BIS, and,, are, included, in,































































the, comparable, (PreaCrisis), amount, of, financing, to, other, banking, systems., There, are, many,
possibilities,which,can,trigger,that,type,of,restrictive,behaviour,,but,the,obvious,reason,would,
be, the, reduction, of, risk, by, offloading, exposures, to, other, financial, institutions., Another,
important,reason,is,the,reduction,within,each,banking,system,or,node.,As,every,banking,system,
faced,defaults,of,many,institutions,,that,can,leads,to,smaller,aggregate,figures,of,bilateral,assets,
and, liabilities., Capital, and, reserves, show, different, alignment, for, pre, and, post, crisis, period.,
Network, witnessed, increasing, trend, for, capital, and, reserves, from, 2007, to, 2011., It, means,
banking,systems,were,accumulating,money, to,have,higher,capital,buffer,against, idiosyncratic,
shocks., It, shows, that, banking, systems, or, nodes, had, the,money, in, their, capital, and, reserves,,















Figure( 6.1:( Reduced*( Comparative( Aggregate( Banking( Network,( (a),(
(b),( represent( year( 2007( and( 2011( respectively.( The( size( of( nodes(
represents( the( largest( total( value( of( bilateral( assets( and( liabilities(








We+ have+ covered+ two+ major+ aspects,+ which+ are+ mainly+ credit+ shock+ and+ credit+ shock+ for+
adjusted+ capital.+ Credit+ Shock+ refers+ to+ examining+ the+ strength+ of+ financial+ systems+ by+ giving+
different+ levels+ of+ shocks+ to+ its+ “capital+ and+ reserves”.+ Depending+ on+ their+ severity+ of+ these+
shocks,+capital+levels+would+be+reduced+and+financial+system+has+to+clear+all+bilateral+obligations+
afterwards.+ This+ simulation+ structure+ ignores+ the+ nonCbilateral+ assets+ and+ liabilities+ of+ any+
particular+ financial+ system.+ In+ other+ words+ it+ reveals+ the+ actual+ position+ of+ interCnetwork+
reliability+of+particular+financial+system,+if+considered+independent+of+external+linkages.+++
Second+simulation+is+known+as+credit+shock+for+adjusted+capital.+The+term,+“adjusted+capital”+is+
used+ for+ the+ capital+ level+ which+ are+ adjusted+ for+ nonCbilateral+ assets+ and+ liabilities+ or+ “other+
assets”+and+“other+liabilities”.+As+we+have+seen+in+our+data+analysis+that+different+countries+are+
more+ dependent+ on+ rest+ of+ the+ world+ as+ compared+ to+ EU,+ or+ Eurozone.+ Clearing+ the+ system+
without+considering+other+assets+and+other+liabilities+would+focus+on+intraCnetwork+reliability+of+
particular+ financial+ system.+ + By+ giving+ shock+ to+ adjusted+ capital,+ and+ clearing+ the+ network’s+





This+ would+ reduce+ the+ size+ of+ the+ network+ and+ can+ be+ lethal+ for+ other+ smallCinterconnected+
nodes.+++
Medium+ to+ longCterm+ clearing+ scenario+would+ not+ reduce+ the+ size+ of+ the+whole+ network+ like+
shortCterm+ scenario.+ As+ defaulting+ institution+ cannot+ pay+ their+ bilateral+ obligations+ but+ are+
entitled+to+receive+their+bilateral+assets+completely.+Although+possibility+of+this+scenario+is+quite+
minimal,+ but+ still+ remains.+ If+ one+ institution+ or+ system+ is+ facing+ upcoming+ default+ or+ illiquid+








regulatory+ body+ would+ pay+ creditors+ of+ defaulting+ entity+ up+ to+ some+ percentage+ known+ as+
recovery+rate,+which+depends+on+received+and+liquidated+assets.+Regulatory+body’s+process+fees+
and+other+costs+also+affect+that+recovery+rate+of+defaulting+institution.++
Another+ LongCterm+ scenario+ can+ be,+ the+ receiving+ and+ paying+ bilateral+ obligation+ (assets+ and+
liabilities)+ up+ to+ recovery+ rate.+ As+ defaulting+ institution+ goes+ to+ file+ for+ the+ legal+ process,+ its+
bilateral+ partner+ can+ negotiate+ their+ receivables+ and+ payables+ at+ the+ same+ recovery+ rate.+ The+
recovery+rate+can+also+be+negotiated+with+regulatory+body,+to+overcome+the+problem+of+paying+
more+than+receiving.+We+used+40%+recovery+rate+for+all+long+term+clearing+scenarios.+
The+ aboveCmentioned+ scenarios+ are+ used+ to+ clear+ matrix+ of+ bilateral+ obligations+ after+
idiosyncratic+ shock+ affects+ the+ capital+ levels+ of+ financial+ systems+within+ network.+ The+ default+
probability+ of+ financial+ system+ in+ every+ scenario+ reveals+ the+ influence+ of+ clearing+ conditions+
imposed+to+clear+off+the+post+shock+network.+
Stacked+ Graphs+ are+ used+ to+ explain+ the+ default+ probabilities+ of+ banking+ systems.+ For+ every+
scenario+ default+ probability+ ranges+ from+ 0C1,+ depending+ on+ the+ severity+ of+ shock+ and+ capital+
cushions.+Stacked+graphs+shows+the+cumulative+probability+for+four+scenarios+ranging+from+0+–+4.+
Besides+ default+ probability+ for+ single+ scenario+ can+ be+ identified+ by+ color+ schemes+ used+ for+
particular+scenario.+++
Time+ frame+of+our+analysis+ is+ focused+on+before+and+after+global+ financial+ crisis,+ so+our+ result+
belongs+to+year+2007+and+2011.+To+identify+the+strength+of+our+network+only+single+year+analysis+
is+ sufficient,+ but+ selection+ of+ this+ time+ frame+ would+ enhance+ our+ understanding+ of+ changes+
erupted+within+ network+ due+ to+ external+ distresses+ or+ problem+ at+ global+ level.+ If+we+ consider+
European+ sovereign+ debt+ crisis,+ it+ emerged+ after+ global+ financial+ crisis,+ and+was+ not+ over+ till+
2011.++
As+ we+ are+ concentrating+ on+ banking+ systems+ within+ Europe,+ and+ their+ resilience+ towards+





while+ four+different+clearing+scenarios+were+ in+place+ to+clear+off+matrix+of+bilateral+assets+and+
Chapter(6.(Fragility(in(Financial(Networks(((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((((132(
liabilities.+Default+probability+in+every+scenario+resulted+from+one+thousand+trials+of+simulation,+






both+years.+As+2007+was+ start+of+ global+ financial+ crisis,+ so+many+banking+ systems+were+ facing+




One+ can+ easily+ notice+ the+ similarities+ in+ probabilities+ for+ every+ scenario,+ with+ exception+ of+
“Spain”.+This+reveals+the+weakness+of+banking+systems,+and+small+values+of+their+reserves.+They+
are+not+able+to+undertake+the+small+shock+with+different+clearing+scenarios,+and+show+continuity+
in+ default+ patterns.+ Year+ 2011+ show+much+ resilient+ banking+ system+ network+ as+ compared+ to+
2007.+Many+countries+improved+their+situation+and+showing+strong+profiles+like,+Austria+(Figure+
6.4),+ Ireland,+UK,+ Italy+etc.+This+ can+be+attributed+ to+accumulating+more+reserves+during+crisis+



















(k+=+1000).+Comparative+analysis+of+ small+and+medium+shocks+reveals+ the+ fragility+of+banking+
system’s+ network+ during+ 2007,+ but+ show+ little+ strength+ afterwards+ like+ year+ 2011.+ Default+
probabilities+during+year+2007+for+small+and+medium+shock+are+totally+similar.+ In+other+words+
the+system+was+so+weak+that+it+was+unable+to+sustain+the+damage+from+a+small+shock,+while+the+


























































For+post+ crisis+period+ the+overall+ strength+of+ system+can+be+attributed+ to+higher+ capital+ levels+
and+ some+ strict+ measures+ taken+ during+ crisis+ period.+ The+ weak+ nodes+ which+ indicated+ the+
possibility+ of+ complete+ defaults+ during+ preCcrisis+ and+ post+ crisis+ periods+ remain+ the+ same+ in+
both+ small+ and+ medium+ level+ shocks.+ These+ nodes+ are+ Finland,+ Greece+ and+ Portugal.+ Their+








As+ it+ is+ the+ most+ severe+ shocks+ for+ any+ capital+ level+ of+ banking+ system,+ it+ can+ measure+ the+
flexibility+of+network+to+extreme+levels.+Comparison+of+severe+shock+to+small+and+medium+level+
shocks+shows+that,+most+strong+nodes+also+show+little+weakness+in+pre+and+post+crisis+analysis.+






















Switzerland’s+ banking+ system+ appears+ to+ be+ the+most+ strong+ and+ resistant.+ It+ maintained+ its+
strength+ in+ all+ types+ of,+ small,+ medium+ and+ severe+ shocks+ for+ pre+ and+ post+ crisis+ period.+
Compared+to+other+strong+nods+such+as+Germany+or+France+its+capital+levels+are+not+hefty.+The+






























levels+ instead+ of+ available+ capital+ and+ reserve+ figures.+ Adjustments+ refer+ to+ inclusion+ of+ nonC
bilateral+ assets+ and+ liabilities+ of+ every+ single+ node,+ which+ are+ defined+ as+ “other+ assets”+ and+
“other+liabilities”+in+aforementioned+section.++
Analysis+ using+ “Capital+ and+ Reserve”+ figures+ can+ show+ the+ strength,+ nodes+ interdependence,+
interconnectedness+ and+ contagion+ within+ network.+ We+ are+ well+ aware+ of+ the+ fact+ that+ some+
institution+are+less+dependent+on+the+network+as+they+rely+on+other+source+of+financing,+or+may+
have+more+outer+network+ concentration.+As+ they+ are+more+ exposed+ to+ external+ shocks+ rather+
than+internal+ones,+the+reason+we+need+to+make+adjustments+in+capital+level+to+incorporate+full+
balance+ sheet+ in+ our+ analytical+ system.+ This+ would+ (usually)+ enhance+ the+ capital+ level,+ and+

















Just+ like+ previous+ simulation,+ small+ shock+ can+ reduce+ the+ adjusted+ capital+ level+ up+ to+ 30%+
maximum.+ As+ adjusted+ capital+ levels+ are+ stronger+ and+ stable,+ so+ one+ can+ anticipate+ more+
resilient+ network+ with+ smaller+ default+ probabilities.+ PreCcrisis+ and+ post+ crisis+ default+
probabilities+ are+ shown+ in+ Figure+ 6.11+ and+ 6.12+ respectively.+ The+ whole+ network+ seems+
stronger+ if+ compared+with+ “credit+ shock+ for+ capital+ only”+ simulation.+Most+ of+ the+ nodes+ have+
enough+capital+to+absorb+the+level+of+distress+within+network.+There+are+exception+like+“Greece”+
in+preCcrisis+period,+ “Portugal”+and+“Belgium”+ in+post+crisis+periods.+Their+“adjusted+capital”+ is+




























words+ nodes+ have+ huge+ capital+ buffers+ to+ absorb,+ even+ bigger+ losses.+ This+ reveals+ the+
importance+of+appropriate+level+of+capital+buffers+in+crisis+like+situations.+These+results+highlight+
aspect+ of+ diversification+ as+ well,+ as+ nodes+ are+ not+ dependent+ on+ the+ network+ only,+ and+ have+
some+obligations+outside+as+well.+ If+ the+whole+network+experience+severe+shock,+ still+ they+can+
manage+ survival+ because+ of+ their+ diversified+ source+ of+ financings.+ Lower+ level+ of+
interdependence+can+be+ less+harmful;+as+well+more+reliance+on+external+sources+can+be+fatal+ if+
crisis+emerges+in+external+environment,+instead+of+internal.++
Comparative+analysis+of+pre+and+postCcrisis+default+probabilities+ reveals+ that+network+ is+more+
stable+ during+ post+ crisis+ period.+ Countries+ having+ trouble+ are+ “Belgium”+ and+ “Portugal”,+ they+
were+also+in+red+area+of+default+probabilities+in+small+shock.+It+divulges+the+fact+that+during+post+
crisis+period+most+of+ the+ countries+accumulated+enough+ “adjusted+ capital”+ that+ can+ save+ them+
from+ small+ and+ medium+ level+ shocks.+ Whereas,+ preCcrisis+ period+ is+ not+ as+ stronger+ as+ it+
appeared+ during+ small+ shocks+ as+ “Greece”+was+ the+ only+weak+ node+ for+ the+moment.+ In+ other+





































Now+ stronger+ nodes+ appear+ to+ be+ surviving+ with+ very+ small+ default+ probabilities,+ such+ as+
“France”+ and+ “Germany”.+ While+ “Switzerland”+ maintains+ its+ status+ of+ most+ resilient+ banking+
system+ within+ EU+ network,+ by+ not+ showing+ a+ slight+ weakness+ during+ fluctuating+ economic+
conditions,+extreme+shock+levels+and+tougher+clearing+conditions.+++
One+can+distinguish+that+default+probabilities+due+to+severe+shock+are+much+smaller+during+postC




for+ troubled+nodes+ if+ compared+with+short+and+mediumCterm+scenarios.+As+ long+ term+clearing+
scenarios+depends+on+the+regulatory+bodies+to+clear+off+the+system+and+establish+recovery+rates+
to+ square+ the+ default+ entity’s+ position.+ An+ efficient+ and+ fast+ regulatory+ process+ is+ required+ to+
complete+the+default+clearing+after+an+entity+files+for+it.+Fast+and+efficient+process+can+save+other+
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The EN (Eisenberg, L. & Noe, T. H.) model considers default by firms that are part of a 
single clearing system. The obligations of all firms within the system are determined 
simultaneously, while maintaining the conditions of the priority of debt claims and the 
limited liability of equity. The model shows via fixed point argument that there is a 
“clearing payment vector” that clears all obligations of members of clearing system. That 
clearing vector exists and is unique in nature. Afterwards, they developed algorithm that 
clears the financial system and provide information about risky nodes and the level of risk 
faced by each node. Finally, the model reveals qualitative comparative statics for financial 
systems. These comparative statics imply that, even unsystematic, no dissipative shocks to 
the system will lower the total value of the system and may lower the value of the equity 
of some of the individual system firms. Model’s frame work is as follows. 
 
1. Clearing payment vector for the financial system  (Π, ?̅?, 𝑒) is a vector   p*∈[0, ?̅?] 
that satisfies the following conditions:  
  
a. Limited Liability. (∀i ∈ N), 
 
𝑝𝑖∗ ≤ ∑ Π𝑖𝑗𝑇 p𝑗∗
𝑛
𝑗=1
+ 𝑒𝑖  
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b. Absolute Priority. (∀i ∈ N), either obligations are paid in full, that is, 
𝑝𝑖∗ = ?̅?𝑖, or all value is paid to creditors, that is, 
𝑝𝑖∗ ≤ ∑ Π𝑖𝑗𝑇 p𝑗∗
𝑛
𝑗=1
+ 𝑒𝑖  
2. Existence of Clearing Payment Vectors 
 
Corresponding to every financial system, 
a. There exists a greatest and least clearing payment vector, p+ and p-. 
b. Under all clearing vectors, the value of the equity at each node of the 
financial system is the same, that is, if p’ and p’’ are any two clearing 
vectors, 
 
(Π𝑇(𝑝′) + 𝑒 − ?̅?)+ = (Π𝑇(𝑝′′) + 𝑒 − ?̅?)+ 
 
3. The comparative Statistics of clearing system. 
 
Suppose that the financial system (Πλ, 𝑝𝜆̅̅ ̅, 𝑒′) is a 𝜆 convex combination of the 
financial systems (Π′, 𝑝′̅, 𝑒′)  and (Π′′, 𝑝′′̅̅̅̅ , 𝑒′′) , then the equilibrium clearing 
payments vector of the financial system, 𝑝∗ satisfies the following conditions: 
 
 𝑝∗(Π′, 𝑝′̅, 𝑒′)Λ𝑝∗(Π′′, 𝑝′′̅̅̅̅ , 𝑒′′) ≤ 𝑝∗(Πλ, 𝑝𝜆̅̅ ̅, 𝑒𝜆) ≤ 𝑝∗(Π′, 𝑝′̅, 𝑒′)⋁𝑝∗(Π′′, 𝑝′′̅̅̅̅ , 𝑒′′) 
    
 




S. No. Abbreviation Country Category Networks 
1 AU Austria Eurozone INV/TRD/BNK 
2 BE Belgium Eurozone INV/TRD/BNK 
3 BU Bulgaria European Union INV/TRD 
4 CRO Croatia European Union TRD 
5 CY Cyprus Eurozone INV/TRD 
6 CR Czech Republic European Union INV/TRD 
7 DE Denmark European Union INV/TRD 
8 ES Estonia Eurozone INV/TRD 
9 FI Finland Eurozone INV/TRD/BNK 
10 FR France Eurozone INV/TRD/BNK 
11 GE Germany Eurozone INV/TRD/BNK 
12 GR Greece Eurozone INV/TRD/BNK 
13 HU Hungary European Union INV/TRD 
14 IR Ireland Eurozone INV/TRD/BNK 
15 IT Italy Eurozone INV/TRD/BNK 
16 LA Latvia Eurozone TRD 
17 LI Lithuania  Eurozone TRD 
18 LU Luxembourg Eurozone INV/TRD 
19 MA Malta Eurozone INV/TRD 
20 NE Netherlands Eurozone INV/TRD/BNK 
21 PO Poland European Union INV/TRD 
22 PR Portugal Eurozone INV/TRD/BNK 
23 RO Romania European Union INV/TRD 
24 SL Slovak Republic Eurozone INV/TRD 
25 SLO Slovenia Eurozone TRD 
26 SP Spain Eurozone INV/TRD/BNK 
27 SW Sweden European Union INV/TRD/BNK 
28 UK United Kingdom European Union INV/TRD/BNK 
29 SWT Switzerland Others BNK 
30 JP Japan Others INV/TRD 
31 US United States Others INV/TRD 
32 CH China Others TRD 
INV: Investment Network, TRD: Trade Network, BNK: Banking Network 
 
